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Abstract
Impacts of Climate Extremes on Terrestrial Productivity
By Suhua Wei
Advisor: Dr. Chuixiang Yi
Terrestrial biosphere absorbs approximately 28% of anthropogenic CO2 emissions. This
terrestrial carbon sink might become saturated in a future climate regime. To explore the issues
associated with this topic, an accurate estimate of gross primary production (GPP) of global
terrestrial ecosystems is needed. A major uncertainty in modeling global terrestrial GPP is the
parameter of light use efficiency (LUE). Most LUE estimates in global models are satellitebased and coarsely measured with emphasis on environmental variables. Others are from eddy
covariance towers with much greater spatial and temporal data quality and emphasis on
mechanistic processes, but in a limited number of sites. In this study, we conducted a
comprehensive global study of tower-based LUE from 237 FLUXNET towers, and scaled up
LUEs from in-situ tower level to global biome level. We integrated the tower-based LUE
estimates with key environmental and biological variables at 0.5º × 0.5º grid-cell resolutions,
using a random forest regression (RFR) approach. Then we developed a RFR-LUE-GPP model
using the grid-cell LUE data. In order to calibrate the LUE model, we developed a data-driven
RFR-GPP model using random forest regression method only. Our results showed LUE varies
largely with latitude. We estimated a global area-weighted average of LUE at 1.23±0.03 gC m-2
MJ-1 APAR, which led to an estimate of global gross primary production (GPP) of 107.5±2.5 Gt
C /year from 2001 to 2005. Large uncertainties existed in GPP estimations over sparsely
vegetated areas covered by savannas and woody savannas at middle to low latitude (i.e. 20ºS to
40ºS and 5ºN to 40ºN) due to the lack of available data. Model results were improved by
incorporating Köppen climate types to represent climate/meteorological information in machine
iv

learning modeling. This brought a new understanding to the recognized problem of climatedependence of spring onset of photosynthesis and the challenges in accurately modeling the
biome GPP of evergreen broad leaf forests (EBF). The divergent responses of GPP to
temperature and precipitation at mid-high latitudes and at mid-low latitudes echo the necessity of
modeling GPP separately by latitudes.
We also used a perfect-deficit approach to identify forest canopy photosynthetic capacity
(CPC) deficits and analyze how they correlate to climate extremes, based on observational data
measured by the eddy covariance method at 27 forest sites over 146 site-years. We found that
droughts severely affect the carbon assimilation capacities of evergreen broadleaf forest and
deciduous broadleaf forest. The carbon assimilation capacities of Mediterranean forests were
highly sensitive to climate extremes, while marine forest climates tended to be insensitive to
climate extremes. Our estimates suggest an average global reduction of forest canopy
photosynthetic capacity due to unfavorable climate extremes of 6.3 Pg C (~5.2% of global gross
primary production) per growing season over 2001-2010, with evergreen broadleaf forests
contributing 52% of the total reduction.
At biome-scale, terrestrial carbon uptake is controlled mainly by weather variability.
Observational data from a global monitoring network indicate that the sensitivity of terrestrial
carbon sequestration to mean annual temperature (T) breaks down at a threshold value of 16oC,
above which terrestrial CO2 fluxes are controlled by dryness rather than temperature. Here we
show that since 1948 warming climate has moved the 16oC T latitudinal belt poleward. Land
surface area with T >16oC and now subject to dryness control rather than temperature as the
regulator of carbon uptake has increased by 6% and is expected to increase by at least another
8% by 2050.
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Chapter 1. Introduction and Background

Carbon dioxide (CO2) is sequestrated by terrestrial plants as organic compounds through
photosynthesis. The influx of CO2 at ecosystem level is known as gross primary production
(GPP). Terrestrial GPP is the largest global carbon flux. It regulates several ecosystems
functions, such as respiration and growth (Beer et al. 2010). In addition, it is one of the major
fluxes coupling with the climate-atmosphere feedback process (Cox et al. 2000). Studying GPP
in a global scale is of vital importance towards estimating the magnitudes of terrestrial carbon
sequestration and predicting future carbon-climate scenarios.
The ―missing carbon‖ problem stated that even though we take into account of all known
sinks and sources of carbon cycle (sources: fossil fuel usage and land use change; sinks: ocean
and atmosphere) there still are about 2 Gt of carbon unaccounted for (Houghton R.A. and
Goodale C.L. 2003; Fig 1.1). It was hypothesized that that account of carbon is sequestrated by
the land (Scott et al, 2000). However, there is controversy as to the amount of carbon
sequestrated by the biosphere. Some studies state that there is strong carbon uptake in midlatitude forests and weak in tropical forests (Houghton R.A. and Goodale C.L. 2003l; Gurney et
al. 2004). Other studies claimed a weak northern terrestrial and strong tropical forests carbon
uptake (Stephens B.B et al. 2007; Lewis S.L. et al 2009). In addition, the process of carbon
exchange between land and atmosphere correlates with global scale climate variations. This is
exemplified by the strong inter-annual variations in the global averaged growth rate of
atmospheric CO2, which is tightly correlated with El Nino-Southern Oscillation variations
(Heimann and Reichstein, 2008). Many lines of evidences indicate the variations of carbon
sequestration rate by the terrestrial biosphere are impacted by the drought or heat wave events,
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leading to ecosystem carbon losses through decreased vegetation productivity and or increased
respiration at regional or global scales (Ciais et al 2005; Zhao et al 2009).
GPP can only be inferred from direct measurements of net carbon exchange (NEE)
between terrestrial ecosystem and the atmosphere (Reichstein et al., 2005). Terrestrial
ecosystems gain carbon through GPP and loose it to atmosphere through respiration (Re). Direct
eddy flux measurements provide NEE rather than GPP or Re. Meteorological tower networks
have flourished for providing direct measurements of NEE of carbon (the imbalance of
photosynthesis and respiration), water and energy flux by the eddy covariance approach since
last decade. FLUXNET (http://fluxnet.ornl.gov/, Fig 1.2) now operates more than 500 sites
globally. Vegetation include temperate conifer and broadleaf (deciduous and evergreen) forests,
tropical and boreal forests, crops, grasslands, wetlands, and tundra. The latitudes range from
70oN to 30oS. These eddy flux measurements provide unprecedented information on terrestrial
carbon processes within tower footprints of 100-2000 meters (Baldocchi et al., 2001) and are
expected to be useful for bottom-up estimates of continental carbon balance components.
Furthermore, eddy covariance data is increasingly used for model calibration and validation
(Heinsch et al. 2006). The eddy covariance method has constraints: its application is generally
restricted to periods when atmospheric conditions are steady, and to locations with relatively flat
terrain and vegetation that extends horizontally about 100 times the sampling height. Despite
these weaknesses, it provides information that can aid in inferential carbon fluxes being
determined by the global inversion model and remote sensing communities.
However, the component fluxes of NEE (ie, GPP and Re) cannot be measured directly at
regional or global scale. Usually, partitioning daytime NEE into GPP and Re across the
FLUXNET is through the regression between nocturnal NEE and temperature to derive daytime
Re and then GPP from daytime NEE measurements (Falge et al.,2001, Reichstein et al., 2005).
2

One problem in this partitioning method that has not received the necessary attention (Yi et al.,
2004; Reichstein et al., 2005) is that the sensitivity of respiration to temperature, vary at
different time scales. i.e. A temperature dependency relationship derived from annual data
doesn‘t reflect the seasonal or short-term temperature sensitivities. In addition, the temperature
sensitivities in different time scales are usually confounded by other factors like rain pulses and
growths effects (Xu and Baldacchi, 2004).
The second common approach is extrapolating respiration from light-response curves
conditioned on daytime data. This model has been used in a number of past studies to analyze
the response of NEE to light intensity, and to partitioning NEE into its component processes (Yi
et al, 2004; Lasslop et al,2010). Also, this model has been wildly used to create photosynthetic
parameters (light use efficiency, or LUE) to upscale the carbon flux into continental scale by
remote sensing technique (Ide et al 2010; Hiker et al 2010).
The underlying mechanisms that drive the two components of carbon exchange of
ecosystem may vary. In general, factors controlling photosynthesis and respiration differ greatly
from site-to-site and patterns of functional responses of these processes to a given environmental
factor, are not identical (Gilmanov et al., 2007). Seasonal assimilatory and respiratory processes
affected by different environmental drivers may cause divergences in seasonal net carbon
exchange among ecosystems. In addition, GPP and Re undergo strong fluctuations and often have
dissimilar periods of activity.
Divergences of the responses of component fluxes to climate factors may result in future
shifts in biome carbon sinks or sources (Loscher et al., 2003; Ciass et al., 2005). Partitioning
daytime NEE into GPP and Re is a key step to: 1) understanding the driving mechanisms of
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terrestrial carbon sequestrations; 2) parameterize the remote sensing process models assimilating
from flux measurements.
At a global scale, even more assumptions have to be considered in modeling GPP (Jung
et al., 2009; Beer et al., 2010; Jung et al., 2011). The parameterization of the land surface based
on remote sensing technique involves the theory that plant physiological properties are reflected
in the spectral radiation properties of leaves (Running et al 2004; Hilker et al 2008). One of the
widely applied concepts for modeling GPP is the light use efficiency approach (Prince,1991;
Heinsch et al 2006; Zhao et al 2006). Numerous ecosystem models have been developed for
quantifying the spatial-temporal variations in GPP. Uncertainties of climate and remote sensing
data sets, and structural uncertainties of the diagnostics models propagate to a global uncertainty
ranges from 102 to 135 PgC per year (Beer et al 2010). Another common approach is using datadriven model (or statistical model) based on eddy covariance technique comprises two steps: (1)
the parameterization of GPP at eddy covariance sites and (2) the application of GPP in relation to
explanatory variables using gridded remote sensing data (Jung et al., 2009).
1.1 MODIS algorithm of estimating GPP

The common mathematic formula for estimating GPP at large scale (Running S.W and
Zhao M 2015) is:
GPP=εg×FPARcanopy×PAR

(1-1)

Where εg is the light use efficiency for calculation of GPP; and FPAR canopy is the fraction of
PAR absorbed by the vegetation canopy. These models differ in their approaches for calculating
εg . FPAR canopy is estimated as a function of normalized difference vegetation index (NDVI) or
leaf area index(LAI):
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NDVI=

 nir   red
 nir   red

(1-2)

FPAR canopy =a+b×NDVI=F (LAI)

(1-3)

The standard GPP product (MODIS 17) which estimates global GPP at 8-day temporal
resolution and 1-km spatial resolution is based on the model described in equation (1-1). It
quantifies the biome- and climate- introduced range of εg using a Biome Parameter Look-Up
table which contains parameters for temperature and vapor pressure deficit (VPD) limits:
εg = εmax × Tmin_scalar×VPD_scalar

(1-4)

Tmin_scalar and VPD_scalar are simple linear ramp functions of daily Tmin and VPD. Table 1.1 and
Fig. 1.3 provide detailed information of the Biome-look-up. There are two principle sources of
variability of LUE. First, LUE varies widely with different vegetation types. Second, LUE is
attributed to suboptimal climate conditions. The land use change, disturbance history, and
different successional stages of vegetation may result in the spatial variation and temporal
changes of εmax within a biome. For instance, εmax is usually higher in the summer and lower in
the winter, which clearly suggests the influence of growth effects. Short term, sub-freezing
temperatures stops photosynthesis because leaf stomata are forced to close. Additionally, high
vapor pressure deficit (VPD) >2000 pa, have been shown to induce stomatal closure in many
species. This clearly suggests that the database of the photosynthetic parameters derived from
CO2 flux data could play an important role for evaluating uncertainties of different ecosystem
models.
1.2 Light Response Model
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Modeling studies of canopy photosynthesis usually consider heterogeneity in direct
versus diffuse radiation, temperature profile, and nitrogen distribution within the canopy. Among
all these variables, light environment probably is the driving variable in determining other
biological and environmental variation within the canopy. Based on the light environment, the
partitioning algorithms are classified into linear model, which is suitable for low light regimes
and rectangular/non-rectangular hyperbolical models which require adequate light.
A linear relationship between annual GPP and integrated absorbed photosynthetically active
radiation (PAR) can be defined as
GPP=α*f*Q

(1-5)

Linear relationships imply that, on a seasonal time-scale, i.e weekly or monthly, mean solar
radiation can be multiplied by mean absorption efficiency (f) and light use efficiency (α) to
retrieve GPP (Ruimy et al., 1995)
At high light regime, the common approach to partition NEE into GPP and Re directly from more
reliable daytime flux measurements is using light use efficiency model ((Ruimy et al 1995; Yi et
al. 2004, Lasslop et al. 2010).
The following model describes the NEE as a function of absorbed photosynthetic photo flux
density (Q):
NEE=Re-αQAmax/ (αQ+Amax)

(1-6)

Here, NEE is measured from flux towers. α, is the light use efficiency (LUE), which stands for
the initial slope of the light-response curve, relates to chlorophyll concentration and the
electronic transport rate. Amax , which indicates the maximum photosynthetic capacity, is the leaf
assimilation rate at saturating values of Q.
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The Re across FLUXNET is usually estimated through the regression between nocturnal
NEE and temperature to drive daytime Re and hence GPP from daytime NEE measurements
(Reichstein M. et al, 2005).

The greatest weakness of this partitioning approach is to

propagating uncertainties from less reliable nighttime flux data to the more reliable daytime data.
The eddy covariance approach is most accurate when applied to ecosystems in the daytime
when strong turbulent mixing occurs, while the nocturnal flux measurements carry significant
advection errors that can be of the same order as the eddy flux itself when flux sites are located
at complex terrain (Goulden et al 2006).
The rectangular model was modified later as a nonrectangular hyperbolic equation
(Gilmanov et al 2007):

NEE 





1
Q  Amax  (Q  Amax ) 2  4AmaxQ  Re
2

(1-7)

The experiment of comparing estimation of α among the rectangular hyperbolic, non-rectangular
hyperbolic and linear models show that α linear model tended to underestimate GPP, while there
is not much difference betwen the rectangular model and nonrectangular model in terms of
estimating GPP (Luo et al 2000).
1.3 Machine learning in application of up-scaling tower foot print to continental scale

Process-oriented models are usefully complex combinations of scientific hypotheses. A
more complementary approach is data oriented diagnostic models where general relationships
between existing data sets are first inferred at site-level and then applied globally by using global
grids of explanatory variables, particularly when data-adaptive machine learning methods are
applied (Beer, et al 2010). The data-driven modeling based on eddy covariance technique
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comprises two steps: (1) the parameterization of GPP in relation to explanatory variables at sites
and (2) upscale the explanatory variables to global scale using gridded information.
Yang et al 2007 developed a continental-scale measure of gross primary production by
combining MODIS and AmeriFlux data through support vector machine (SVM) approach. They
trained 33 AmeriFlux sites between 2000 and 2003 using three remotely-sensed variables (Land
surface temperature, enhanced vegetation index (EVI), and land cover), and one flux measured
variable (incident short radiation). Second, they evaluated model performance by predicting GPP
for 24 available AmertiFlux sites in 2004, in which they found SVM performed better than the
standard global MODIS GPP products. Xiao et al 2010 applied the regression tree approach to
upscale the GPP estimation from site-level to the whole United States. However, few studies
focus on connecting the process-oriented models to the data-oriented models by studying the
light use efficiency parameter at site level widely and training it with explanatory variables then
apply it in remote sensed algorithms. In addition, few studies showed the results of applying
machine learning approaches at the global level. This research contributes to the body of
knowledge in the following respects: (1) it applies site observation data from more than 200
fluxnet towers and generates a database of photosynthetic parameters, especially light use
efficiency. (2) it incorporates the seasonality and geographic distribution of ecosystem
photosynthetic parameters across the global. (3) it studies the major controlling factors in
regulating photosynthetic parameters aggregated at the biome level and (4) it incorporated the
predicted light use efficiency into the GPP estimation algorithm through process-based model
and machine learning method.
1.4 Climate extremes’ impacts on global carbon cycle
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Studying the impacts of climate extremes on the carbon cycle is important to
understanding carbon-climate feedback mechanisms because even a small shift in the frequency
or severity of climate extremes may result in positive feedbacks to climate warming (Allen et al
2010, Civente-Serrano et al 2013). However, investigations into the impacts of climate
extremes on the GPP are still at the rudimentary level. Yi et al (2012) proposed a method to
identify extreme values of canopy photosynthetic capacity (CPC) and climatic variables from
flux tower data. By definition, CPC stands for the daily maximum potential carbon assimilation
capacity of an ecosystem. Based on the concept of CPC, this studied developed concept of
duration, intensity, and severity to quantify the climate extremes‘ impacts on carbon cycle. In
this study, we extended the work to quantify the extremes‘ impacts on the forests‘ carbon
sequestration capacity by developing three quantitative indices: duration, intensity and severity.
This dissertation is based on the following papers:


Chapter 2: Wei, S., Yi, C., Fang, Wei., Hendrey G.R. 2017. A global study of GPP
focusing on light-use efficiency in a random forest regression model. Ecosphere
8(5):e01724



Chapter 3: Wei S. et al. 2014. Data-based perfect-deficit approach to understanding
climate extremes and forest carbon assimilation capacity. Environment Research Letter
9(6): 065002



Chapter 4: Yi C., S. Wei. and G. Hendrey, 2014. Warming climate extends drynesscontrolled areas of terrestrial carbon sequestration. Scientific Report 4.
doi: 10.1038/srep05472
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Parameter

ENF

EBF

DNF

DBF

MF

εmax(kgCO2/MJ-1day-1) 0.001008 0.001159 0.001103 0.001044 0.000800
Tmin_max(oC)

8.31

9.09

10.44

7.94

8.5

Tmin_min(oC)

-8.00

-8.00

-8.00

-8.00

-8.00

VPDmax(pa)

2500

3900

3100

2500

2500

VPDmin(pa)

650

1100

650

650

650

Parameter

WET

WSA

CSH

GRA

CRO

0.00068

0.00068

εmax(kgCO2/MJ-1day-1) 0.000768 0.000888 0.000774
Tmin_max(oC)

11.39

8.6

8.8

12.02

12.02

Tmin_min(oC)

-

-8.00

-8.00

-8.00

-8.00

VPDmax(pa)

3100

3100

3600

3500

4100

VPDmin(pa)

650

650

650

650

650

Table 1.1 The Biome Look-up table for MODIS GPP products (Running S.W and Zhao M 2015)
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Fig. 1.1 Annual emissions and accumulations of carbon in the major reservoirs of the global
carbon cycle. The Undefined sinks are referred to ―missing carbon‖ (Houghton R.A. and
Goodale C.L. 2003)
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Fig. 1.2 Global distribution of long-term carbon dioxide, water vapor and energy flux
measurement sites, associated with the FLUXNET program and its regional partners (Baldocchi
D. 2008).
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Fig 1.3 The TMIN and VPD attenuation scalars are simple linear ramp functions of TMIN and
VPD.
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Chapter 2. A global study of GPP focusing on light use efficiency in a random forest
regression model
2. 1 Abstract
Light use efficiency (LUE) is at the core of mechanistic modeling of global gross primary
production (GPP). However, most LUE estimates in global models are satellite-based and
coarsely measured with emphasis on environmental variables. Others are from eddy covariance
towers with much greater spatial and temporal data quality and emphasis on mechanistic
processes, but in a limited number of sites. In this study, we conducted a comprehensive global
study of tower-based LUE from 237 FLUXNET towers, and scaled up LUEs from in-situ tower
level to the global biome level. We integrated the tower-based LUE estimates with key
environmental and biological variables at 0.5º × 0.5º grid-cell resolutions, using a random forest
regression (RFR) approach. Then we developed a RFR-LUE-GPP model using the grid-cell
LUE data. In order to calibrate the LUE model, we developed a data-driven RFR-GPP model
using random forest regression method only. Our results showed LUE varies largely with
latitude. We estimated a global area-weighted average of LUE at 1.23±0.03 gC m-2 MJ-1 APAR,
which led to an estimate of global gross primary production (GPP) of 107.5±2.5 Gt C /year from
2001 to 2005. Large uncertainties existed in GPP estimations over sparsely vegetated areas
covered by savannas and woody savannas at middle to low latitude (i.e. 20ºS to 40ºS and 5ºN to
40ºN) due to the lack of available data. Model results were improved by incorporating Köppen
climate types to represent climate/meteorological information in machine learning modeling.
This brought a new understanding to the recognized problem of climate-dependence of spring
onset of photosynthesis and the challenges in accurately modeling the biome GPP of evergreen
broad leaf forests (EBF). The divergent responses of GPP to temperature and precipitation at
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mid-high latitudes and at mid-low latitudes echo the necessity of modeling GPP separately by
latitudes.
2.2 Introduction

The terrestrial biosphere is a photosynthetic engine that converts sunlight into
biochemical energy that can be later released to sustain living organisms. However, the working
efficiency of the photosynthetic engine (i.e. light use efficiency, LUE) can be affected by
changes in climate including temperature, water availability, and atmospheric CO2 concentration.
It is well understood that global climate is changing and this may have consequences for
terrestrial biosphere gross primary production GPP through several mechanisms, including
altered LUE, with a potential for triggering positive feedbacks on the rate of climate change (Cox
et al. 2000, 2013, Yi et al. 2015, 2014). Spatial and temporal dynamics of biome LUE are key
variables for understanding the relationship between climate drivers and global GPP.
Photons absorbed by a leaf have three possible fates: translation through various paths
into heat energy, re-emitted as fluorescence, or converted to chemical energy with LUE of
photosynthesis typically in the range of 2 - 10% of photosynthetically active radiation (PAR).
LUE is well-understood at leaf-level, defined as the slope of photosynthesis curve in the lightlimited section (Lambers et al. 1998, Medlyn 1998). The leaf photosynthesis curve for a single
leaf becomes nonlinear when the chloroplasts are light saturated. Monteith (1972) proposed the
original LUE thermodynamic model for well-watered and fertilized crop plants. At a single leaf
level, enzyme kinetic photosynthesis models, such as Farquhar-von Caemmerer-Berry model
(Farquhar et al. 1980), provide a quantitative base for understanding how photosynthetic
processes are regulated by biotic and abiotic factors, such as atmospheric CO2 level, water
availability, nutrient supply, temperature, and other factors. At canopy level, LUE models ignore
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these biochemical details and GPP is simply calculated as a product of the fraction of PAR being
absorbed by the plant canopy (fPAR) and the LUE (ε).
The initial LUE model assumes that all canopy leaves, characterized by leaf area index
(LAI), have the same photosynthesis light curve and that CO2 concentration is uniform through
the canopy, i. e. ―big-leaf model‖. In principle, this big-leaf model is constrained by the energy
conservation law, i.e. plants convert the absorbed light energy into biochemical energy stored in
biomass. The simplicity of the LUE or big-leaf model has enabled ecologists to use remote
sensing techniques to estimate global GPP (Field 1991, Prince 1991, Sellers et al. 1996, Goetz
and Prince 1999, Turner et al. 2003a,b). The absorbed solar energy (PAR×fPAR) can be
calculated by satellite-derived spectral indices of vegetation, such as Normalized Difference
Vegetation Index (NDVI), LAI, and Enhanced Vegetation Index (EVI). The accuracy and
resolution of global remote sensing products of these spectral vegetation indices and fPAR have
been greatly improved by a few generations of satellite-sensors, from the AVHRR (Advanced
Very High Resolution Radiometer) sensor to the MODIS (Moderate Resolution Imaging
Spectroradiometer) sensor (Zhao and Running 2006).
However, most of the uncertainty in global-scale GPP estimation by LUE models is
associated with determination of LUE (ε) itself. This could be improved if we were able to
assess the influences of spatial and temporal variations of environmental factors (temperature,
soil moisture, water stress, nutrient availability) that impact LUE with remote-sensed spectral
vegetation indices and reflectance at a larger or global scale (Hilker et al. 2008). For example,
the MODIS17 algorithm is calculated as:
GPP=PAR × fPAR × ε

(2-1)

ε uses a look-up table containing biome specific information about the maximum light use
efficiency εmax, daily minimum temperature (Tmin) and vapor pressure deficit (D) of each biome
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type. The εmax is adjusted to account for the limiting effects of climatic variables on ε (Running
et al.2004):
ε = εmax × Tmin ×D

(2-2)

The eddy covariance (EC) technique provides ground-truth measurements for calibration of
remote-sensing LUE models at tower-footprint scale (~km2). The EC measurements include net
ecosystem exchanges (NEE) of carbon dioxide, water vapor, and energy, as well as
environmental conditions. Attributes of EC data that can contribute most to remote-sensing LUE
models include: (1) NEE data represent a whole-ecosystem estimate of carbon exchange
(including both aboveground and belowground) with the atmosphere at tower-footprint scale; (2)
additional abiotic variables that control NEE are measured at a EC-tower sites (temperature,
precipitation, VPD, net radiation, PAR, albedo, soil moisture, wind speed and direction etc.); (3)
the temporal dimension of data is continuous from hours to years; and (4) measurements are
collected from ―natural‖ conditions with minimal disturbances (Baldocchi et al. 2001).
NEE data are not perfect, having significant errors when air is strongly stratified over
complex terrain during calm nighttime (Goulden et al. 1996, Yi et al. 2000,2008, Massman and
Lee 2002, Aubinet et al. 2003, 2008, Feigenwinter et al. 2005, 2008, 2010a, 2010b, Finnigan,
2008, Montagnani et al. 2009). GPP data used by LUE modelers are derived from daytime NEE
data under well-mixed conditions. Although daytime GPP data are indirectly associated with
nighttime errors through terrestrial respiration estimation (Yi et al. 2004), tower-based GPP data
are more defensible (Baldocchi 2008), offering a unique opportunity to examine LUE for a
whole natural ecosystem at tower-footprint scale (Ruimy et al. 1995).
Although significant progress in estimating satellite-based GPP has been achieved,
uncertainties still exist among GPP models (Raczka et al. 2013, Yuan et al. 2014). Evaluation of
average GPP from 26 models using satellite data against estimated GPP at 39 EC flux towers
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across United States and Canada found the LUE models usually overestimate GPP in the spring,
fall and winter, and underestimate GPP in the summer. LUE models over-predicted GPP for dry
conditions and for temperatures below 0ºC (Schaefer et al. 2012). The poor predictabilities of
these models could be caused by 1) the spatial and temporal dynamics of LUE were not
adequately represented, or 2) the assumption of uniform linear constraints of water stress and
temperature stress over various biomes could be unrealistic. To avoid these problems, other
researchers tried complementary data-oriented modeling or diagnostic modeling in which general
relationship between existing data were first inferred at the site level and then applied to large
scale using grids of explanatory variables. Pure data-driven models, particularly those applying
machine learning methods (e.g. artificial neural networks, support vector machine or random
forest regression, etc.) are increasing in utility and are considered as benchmarks for LUE
models (Beer et al. 2010).
In this research, we conducted a comprehensive analysis of LUE across a wide variety of
vegetation. To do this we integrated a large number of in situ measurements from 237
FLUXNET EC towers in order to study the spatiotemporal patterns of LUE determined at EC
tower-scale. The goal of this paper is to translate these tower-scale LUE estimates into globalscale of remote sensing.
We designed two algorithms applying different LUE schemes in modeling global GPP.
One scales up LUEs with a random forest regression approach (RFR-LUE-GPP). The other was
derived as a data-driven benchmark model using a random forest regression method (RFR-GPP),
with no specific assumptions or any in-situ LUE data training. The model outputs were validated
against FLUXNET referenced GPP data.
2.3 Methods
2.3.1 Land Products
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Fraction of absorbed PAR (fPAR) : Monthly fPAR product was generated from an analysis of Seaviewing Wide Field-of-view Sensor (SeaWiFS) data with 0.5º x 0.5º spatial resolution obtained
from the Institute for Environment and Sustainability (IES) at the Joint Research Center of the
European Commission. The quality of this dataset was assessed and validated (Gobron et al.
2006).
Enhanced Vegetation Index (EVI): The EVI data were obtained from the MODIS MOD13C2
product. We used monthly L3 global with 0.05º resolution. This dataset was resampled to a
spatial resolution of 0.5º x 0.5º with nearest neighbor interpolation, which was processed in the
SciPy module of Python. All spatial interpolations mentioned in this paper follow this procedure.
Plant Function Type (PFT): The land cover information, or PFT were determined by MODIS
land cover product MOD12Q1. The land cover types were classified using the IGBP global
vegetation classification scheme. The spatial resolution of the dataset was 0.5º x 0.5º:
http://glcf.umd.edu/data/lc/.
2.3.2 Meteorological data
Shortwave Incoming Radiation: The monthly net shortwave radiation data (Jan. 2001-Dec. 2005)
were obtained from the National Centers for Environmental Prediction (NCEP). The radiation
reanalysis data were originally at a spatial resolution of 1.895º x 1.915º. We resampled this
dataset into 0.5º x 0.5º with nearest neighbor interpolation.
Temperature The monthly temperature data (Jan. 2001-Dec. 2005) were obtained by surface
reanalysis data of NCEP (0.5º x 0.5º spatial resolution), obtained from the website file
http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.derived.pressure.html.
Precipitation: The monthly precipitation data were obtained from NOAA‘s Precipitation
Reconstruction over Land (PREC/L, 0.5º x 0.5º spatial resolution). The global analyses were
defined by interpolation of gauge observations over land and by reconstruction of historical
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observations over the ocean. More details about this dataset are in Chen et al. (2002) and
http://www.esrl.noaa.gov/psd/data/gridded/data.precl.html
FLUXNET Data Flux data were obtained from the FLUXNET-La Thuile database, in the halfhourly flux and meteorological data from AmeriFlux, FLUXNET-Canada, Carbon Europe IP,
USCCC, China Flux, OZFLux, Carbon Africa, and Asia Flux networks, and were compiled. The
latitudes of FLUXNET sites range from 71 ºN to 37 ºS, covering polar tundra, maritime
temperate, continental temperate, humid subtropical, Mediterranean, arid, semi-arid, tropical
monsoon, and tropical wet-and-dry climates. These data were quality controlled and gap-filled
with consistent methods (Papale et al. 2006). GPP data were derived from NEE data with a
nonlinear regression algorithm (Reichstein et al. 2005). The biome classification and numbers of
sites per biome are described in Table 2.1.
Köppen-Geiger climate classifications (Kp): Peel et al.(2007) updated a global map of climate
using the Köppen-Geiger system based on a large global data set of long-term monthly
precipitation and temperature station time series. Under the Köppen-Geiger classification
scheme, climate zones were grouped as follows: Group A tropical; Group B dry (arid and
semiarid); Group C temperate; Group D continental and Group E polar and alpine. Specific
climate classifications are described in Table S2.1. The Köppen-Geiger climate classifications
are illustrated in Fig. 2.1.
2.3.3 Calculation of light use efficiency from FLUXNET tower sites
LUE is defined as the number of moles of carbon fixed per mole incident light and
declines with increasing light intensity (PPFD, or Q) as the photosynthetic light response curve
saturates (Ruimy et al. 1995, Barton and North 2001). The response of CO2 flux between the
ecosystem and the atmosphere to Q (the light response curve) can be described by a rectangular
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hyperbola model (Ruimy et al. 1995, Falge et al. 2001, Yi et al. 2004, Xiao 2006, Wei et al.
2014):
NEE=Re – ε QAmax/(ε Q+Amax),

(2-3)

NEE is the net ecosystem exchange directly measured from FLUXNET. Amax is
photosynthetic capacity. ε is light use efficiency (or apparent quantum yield), representing the
initial slope of the light response curve. Re is ecosystem dark respiration. This model has been
used in a number of past studies to analyze the response of NEE to light intensity, and to
partition NEE into its component processes (Ruimy et al. 1995, Falge et al. 2001, Xiao 2006).
We aggregated half-hourly measured PPFD and NEE data to monthly scale. MATLAB curve
fitting toolbox was used to fit the data to the first model (2-3), following the constraints: 0<ε<10
(gC m-2 MJ-1 APAR), 0<Amax <100 µ mol m-2s-1, and Re>0. We compared the model
performances based on their goodness-of-fit coefficient r2. The data sets with r2 <0.4 were
arbitrarily discarded (Ruimy et al. 1995).
2.3.4 Scale up LUE to global scale –Experimental Design
Machine learning approaches were employed in which results were less contingent on
complex combinations of scientific assumptions. Upscaling of EC carbon fluxes with machine
learning method to large regions were conducted for the North America (Yang et al. 2007, Xiao
et al. 2014), Europe ( Papale and Valentini 2003, Jung et al. 2009, Vetter et al. 2008) and the
globe (Jung et al. 2011) at various temporal scales. However, being essentially statistical
approaches, the data-oriented models were dependent on the availability of sufficient data (Beer
et al. 2010). In addition, data-oriented models, so far, have provided little insights on the
fundamental physical mechanisms of biosphere-atmospheric carbon exchanges.
To take advantages of these approaches, and to bridge the knowledge gap of model
uncertainties generated by both model structures, we design one LUE algorithm and one
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diagnostic model to estimate global GPP in this study: 1) RFR-LUE-GPP model using up-scaled
LUE data by the random forest regression method and 2) RFR-GPP model (diagnostic model):
pure data-driven method by random forest regression.
The RFR-LUE-GPP model In this half-process LUE model, detailed information from LUE
datasets calculated in (2-3) were translated from tower footprint scale into remote sensing scale.
The general relationships between LUE and explanatory data were first trained at site-level, and
then applied globally by using global grids of explanatory variables as described in the following
equation:
εgrid= fRFR(EVI, fPAR ,temperature, precipitation, incoming shortwave radiation, Köppen climate
types, biome types)

(2-4)

Equation (2-4) represents the training method of the random forest regression, a machine
learning algorithm for a predictive model, in which each tree in the ensemble is built from a
sample drawn with replacement (i.e., a bootstrap sample) from the training set. In addition,
when splitting a node during the construction of the tree, the split that is chosen is no longer the
best split among all features. Instead, the split that is picked is the best split among a random
subset of the features. As a result of this randomness, the bias of the forest usually increases
slightly (with respect to the bias of a single non-random tree) but, due to averaging, its variance
also decreases, usually more than compensating for the increase in bias, hence yielding an
overall better model. We use Python scikit-learn module for this analysis (Pedregosa et al.
2011).
The training performance of εgrid were evaluated based on a five-fold cross validation in
which data were divided into five equal subsets. The target values were selected as one of the
five subsets. The target values were predicted based on the training on the remaining four
subsets. This process was repeatedly looped through all subsets, and the GPP was calculated as:
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GPP =PAR x fPAR x εgrid

(2-5)

The following flowchart shows the process of this model:

The RFR-GPP model In this diagnostic model, we only applied the random forest regression to
train the data from FLUXNET sites and to scaling up to the globe.
GPP= fRFR (EVI, fPAR ,temperature, precipitation, incoming short wave radiation, Köppen
climate types, biome types)

(2-6)

The modeling performances were also evaluated based on five-fold cross validation as discussed
above, as shown in the flowchart:
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2.4 Results
2.4.1Prediction of LUE at the global scale
A global area-weighted annual average of LUE at 1.23±0.03 gC m-2 MJ-1 APAR was
derived by scaling up tower-based LUE to the globe with random forest regression method (Fig.
2.2). LUE varies largely in spatial domain and temporal domain (Fig. S2.1). In central Africa
around the Democratic Republic of Congo (Köppen Af), where areas are covered by EBF, LUE
values remained high for the entire year. In the southern part of Africa (15ºS to ~35ºS), the
major vegetation types were closed and open shrublands (CSH and OSH) under arid climate
(Köppen BWh and BWk), photosynthesis was inhibited by lack of moisture, resulting in low
LUE for all year. There were mosaic vegetation and cropland along the western coastal line,
displaying high light use efficiency during growing seasons in the southern hemisphere
(December to February).
In North America, photosynthesis of boreal ecosystems was turned off during cold winter
months but recovered in April (Köppen C group). During June and July LUE of some DBF and
MF areas soared above 3.0 gC m-2 MJ-1 APAR. The same pattern was also found for DBF and
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MF in Eurasia at the same latitudes. In South America, most the area between 100N ~ 160S and
500W ~780W were covered by EBF. Although high LUE values were common all year long in
South America, they were particularly high around February and March when it was wet season
in the tropical monsoon climate (Köppen Am), and relatively low around September and October
in dry season, which was consistent with some studies‘ finding that carbon sequestration rates
were greater for tropical forests during wet season (Goulden et al. 2004).
The northern part of Australia is covered with savannah (SAV) while Central Australia is
covered with open shrublands (OSH) and evergreen broadleaf forests (EBF) occur along the
southeast coastline. There were only three FLUXNET towers available for Australia. One was
a woody savannah (WSA, Köppen Aw) site close to the Equator and the other two were both
EBF sites under temperate climate near 350S ~380S in the southeast region. No SAV or OSH
sites were available for the model training for Australia, therefore were not represented in the
LUE-GPP estimate for this region. As expected, EBF LUE values were relatively high all year
long along the southeast coastline. The OSH LUE values were very high in December at central
Australia. Since the only OSH similar to Australia OSH is in China-Northern hemisphere (CNKu2, 40.30N, 108.50E) under Bsk climate, in which the highest LUE happens during June August, incorporating OSH data from northern hemisphere site would further skew the modeling
estimate in Australia. The unexpected high values estimated by the global model in central
Australia in July and August (southern hemisphere) were therefore unrealistic and likely caused
by the unbalanced representation of all vegetation types.
2.4.2 Prediction of global GPP
Higher global GPP (121.5±3.6 Gt C/ year) was predicted by the RFR-GPP model and
lower value (107.5±2.5 Gt C/year) by the RFR-LUE-GPP model (Fig. 2.3). Scatter plots of
comparison between model outputs and reference GPP derived by covariance at FLUXNET sites
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ware shown in Fig. 2.4. Data points were aggregated to annual mean for each site. The
benchmark model (RFR-GPP) had a higher Pearson-linear coefficient (r=0.89) in contrast to
RFR-LUE-GPP r = 0.82. Large differences between tower-LUE-GPP and RFR-LUE-GPP
occurred among the mid-to-low latitude biomes over 10ºS to 40ºS and 5ºN to 40ºN (Fig. 2.5 grey
shadow (a) and (b)) where the differences of WAS, SAV and WAS dominated. RFR-LUE-GPP
model estimated lower GPP at these areas. RFR-GPP estimated OSH GPP at 11.6 Gt C/year,
which contributed 9.5 % to the total GPP. In contrast, RFR-LUE-GPP model estimated 4.8 Gt
C/year, only accounting for 4.5% of the total GPP (Table 2.2). Similarly, RFR-GPP estimated
higher GPP of SAV and WAS, combined at 26.8Pg C / year, comparing to. RFR-LUE-GPP
model at 16.8 Pg C /year (Table 2.2). EBF GPP was estimated around 39.5 Gt C /year by the
RFR-GPP model and 34.4 Gt C /year by the RFR-LUE-GPP model (Table 2.2). GPP of
evergreen broadleaf forest (EBF) ranked highest among all the ecosystems (Zhao et al. 2004;
Beer et al. 2010 and this study). However, poor prediction of EBF GPP in many reported studies
has been a great challenge among both LUE-based models of the global terrestrial carbon cycle
(Yuan et al. 2014) and data-oriented machine learning models (Tramontana et al. 2015).
Incorporating Kp data to represent climate /meteorological information in machine learning
modeling achieved good modeling performance in predicting tropical EBF GPP: r =0.83 in RFRGPP and r = 0.81 in RFR-LUE-GPP (Fig. S2.2, sites n = 9). Reasons for EBF GPP uncertainties
are discussed in the discussion section. Seasonal pattern of Light use efficiency from FLUXNET
towers Our results indicated the effects of biome type and seasonality and their interaction on
LUE were highly significant (*** p<0.001, Table 2.3). Aggregated to biome level, light use
efficiency of vegetation at middle to high latitudes displayed an evident temporal pattern with
one main peak in the summer months as anticipated (Fig. 2.6 and Fig. 2.7), while vegetation at
lower latitude depended highly on individual sites and no apparent temporal trend was found
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(Fig. 2.8). EBF, WSA and SAV sites were mainly located at mid-to-low latitude (Fig. 2.6). In
contrast to other biomes, these three vegetation types tended to exhibit less seasonality in LUE
(Fig. 2.8), instead, both SAV sites and EBF sites showed patterns of high LUE values in wet
season and low LUE values in dry seasons.
There were two geographically distinct groups of EBF sites in this study (Fig. 2.8). One
group (EBF_L) consisted of sites from tropical countries including Brazil, French Guyana,
Indonesia and Vanuatu, with the climate of tropical rain forest, tropical monsoon and tropical
savanna. The latitudes of these sites range from 15.4 ºS to 5.3 ºN. The other group (EBF_M)
covered mid-latitude European countries, such as France, Italy, Portugal (Mediterranean climate)
and Australia (oceanic climate). The latitudes range from 35.6 ºS to 37.4 ºS in southern
hemisphere and from 38.5 ºN to 43.7 ºN in northern hemisphere. Tropical EBF had a monthly
LUE of 2.52 gC ± 0.3 m-2 MJ-1 APAR (n=9), while mid-latitude EBF only got a monthly LUE of
1.82 ± 0.26 gC m-2 MJ-1 APAR on average (n=7). Two -way ANOVA test on the effects of
latitude and seasonality on EBF LUE showed that, tropical EBF LUE values were significantly
higher than mid-latitudes EBF LUE values (**p<0.01, Table 2.4). The effect of seasonality and
its interaction with latitude on LUE of evergreen broad-leaf forests (EBF) were not statistically
significant (p > 0.05 for both, Table 2.4).
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DBF and MF displayed the most evident seasonal trend, with zero LUE at dormant winter
season and highest LUE at summer growing months. Most of the DBF and MF sites (36 out 42)
were in the temperate (Köppen C group) or continental climate (Köppen D group) regions. DBF
and MF in temperate climate started photosynthesis earlier than those in continental climate, i.e.
photosynthesis started in April among 16 out of 17 temperate sites while 9 out of 19 continental
sites started to sprout in May.
There were two major factors affecting grassland LUE. First, grassland photosynthesis in
early spring behaved differently between the continental climate (Köppen D group) and
temperate climate (Köppen C group), similar to patterns seen in DBF and MF. Temperate
grassland sites started photosynthesis earlier than those in continental climate in early spring.
This trend was especially evident for sites located at high latitudes. Second, grassland LUE
values were sensitive to water stress during the summer months which also had the highest light
availability, the effects of water and light availabilities cancel out each other, therefore grassland
LUE had less conspicuous seasonality than other vegetation types.

2.4.3 The role of climate data in predicting LUE
The importance of biome classifications on LUE has been widely addressed, while the role of
climate type and its interaction with seasonality on LUE has not been carefully scrutinized. To
understand the contribution of different explanatory variables to the model performances, RFR
models were run by removing one variable iteratively. Biome is the most important feature in
determining LUE, followed by Köppen climate type classifications (Table S2.3). Since drought
or water stress is apparently affecting the seasonal patterns of LUE significantly, this suggests
that precipitation of the month might not be the best index as a measure of drought effects on
GPP on a monthly basis.
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The overall performance of predicting LUE using RFR with Kp was significantly higher than
the simulation without Kp (Fig. 2.9 and Table S2.2), especially in August. This poor
performance without Kp in August was most likely due to the vast difference between
Mediterranean EBF and tropical EBF in their responses to environmental stress, especial by
drought and warming stress (Tramontana et al. 2015). The most significant decline in r after
removing Kp also occurred in early spring (February and March). In contrast, after removing
other meteorological variables (Temperature and Precipitation) actually slightly boosted r (Table
S2.3). This suggests that Kp is a much more reliable indicator of LUE in early spring than other
meteorological variables such as temperature and radiation. Kp as one of the explanatory
variables may improve model performance in two ways: First, it integrates detailed information
of spring-time onset photosynthesis of various ecosystems. Second, it enhances the predicting
ability for EBF LUE, especially for summer months of the northern hemisphere. Our results
suggest that Kp information is vital in determining phenological cycles of ecosystems and Kp is
a strong indicator that integrates meteorological information in models of terrestrial carbon
cycle.
2.4.4 Covariance of GPP and climate variables
Terrestrial carbon cycles are strongly entangled with climate drivers and carbon cycle-climate
feedback dynamics and mechanisms are still unclear to researchers (Beer et al. 2010, Luo et al.
2015). In this research, we performed partial correlations of GPP estimated by RFR-LUE-GPP
with temperature and precipitation. If controlling precipitation, we found robust positive
correlations of GPP with temperature at mid-to-high latitudes as expected and negative
correlations in most areas at mid-to-low latitudes (Fig. 2.10 Top). If controlling temperature, we
found a positive correlation of GPP (*p < 0.05) with precipitation at central and southern Africa
and central India (Fig. 2.10 Bottom), suggesting that lack of moisture greatly restricted GPP in
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those regions. Although most subarctic climates have little precipitation, we also found some
parts of subarctic region also showed negative correlation between GPP and precipitation. It
might be that extreme high precipitation could occur due to orographic effects. For instance, the
negative correlation observed in the middle of Labrador island in eastern Canada, may be
associated with high precipitation due to the semi-permanent Icelandic low. That area can
receive up to 1300mm of rainfall equivalent per year, creating a snow cover that doesn‘t melt
until June. Excess precipitation caused decreased GPP in this region.
2.5 Discussions
2.5.1 Threshold temperature for spring-time onset of photosynthesis is climate dependent
Analysis with the RFR-LUE-GPP model suggested that including Köppen climate type
greatly enhanced the model performance (Fig. 2.9 and Table S 2.2) suggesting that a general
indicator of climate information is helpful for global carbon modeling. Our finding is also
consistent with previous studies that demonstrated that the spring-time onset of photosynthesis in
boreal forests is controlled by air and soil temperature and is particularly sensitive to snow depth
in the dormant season and spring thaws (Tanja et al. 2003, Dunn et al. 2007), and it was
suggested that these factors should be simulated in terrestrial biosphere models (Goulden et
al.1996, Dunn et al.2007, Schaefer et al. 2012). However, modelers face great challenges in
parameterizing the spring onset of photosynthesis when modeling the terrestrial carbon cycle at
continental scale, which is so heterogeneous with respect to topography and climate. Usually a
minimum temperature required (Tmin) for the spring onset of photosynthesis is applied as a model
constraint. The MODIS GPP algorithm, for instance, used a Tmin of -8 ºC (Running and Zhao
2015) below which cold temperatures shut down photosynthesis. A higher Tmin at 0 ºC was
applied as many studies found most LUE models over-predicted GPP at temperature below 0 ºC.
Increasing the Tmin to 0 ºC for vegetation would reduce the positive bias in winter and spring in
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most LUE models (Schaefer et al. 2012, Yuan et al. 2014). Our results suggested that using a
Tmin of 0 ºC is realistic if applied to vegetation under temperate climates (Köppen C group).
However, this rule doesn‘t work when applied to vegetation in a continental climate (Köppen D
group). For example, for the site CZ-BK2 (GRA) in the Czech Republic the monthly average
temperature rebounded above zero (the actual temperature (T) is greater than minimum required
temperature. i.e. T-Tmin>0) around late March and early April, however, photosynthesis started
around late May, almost two months later. Similar patterns were found among boreal vegetation
with continental climate. The CA-NS1 (ENF) site in Canada, minimum monthly winter
temperature could be as low as -15 ºC with the temperature rebounding above 0 ºC in April.
Onset of photosynthesis at this site started in June with average monthly temperature above 10
ºC. DBF and MF sites with early onset photosynthesis were all within the temperate climate
regions. Usually thicker snow occurs with a continental climate so that even though the air
temperature rises above 0 ºC, it still takes weeks to melt all the snow and warm the roots.
Consequently climate information needs to be incorporated into modeling of the terrestrial
carbon cycle.
2.5.2 Deciphering the large uncertainties in predicting EBF GPP
For both mid-latitude EBF and tropical EBF, the LUE values from this study were
significantly higher than those values used in most LUE models except for CFlux (Table S2.4).
The MODIS GPP algorithm used a constant of 1.68 (gC m-2 MJ-1 APAR) for maximum LUE of
EBF (Running et al. 2004, Yuan et al. 2014). This value was close to the LUE obtained from
EBF sites under Mediterranean and temperate climates (located in mid-latitudes), but
substantially lower than that from sites located in tropical regions, which indicated tropical EBF
LUE was underestimated in those models.
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Studies using machine learning methods have shown that remote-sensing data representing
greenness of a biome, like EVI and fPAR, were key drivers for accurate predictions of GPP with
either high variability of greenness over the phenological cycle (e.g. DBF, MF) or that were
highly affected by human management (e.g CRO). In contrast, in ecosystems such as EBF with
low variability of greenness, the model predictions were poor while using remote sensing data.
Instead, meteorological data may predict GPP with higher accuracy (Tramontana et al. 2015).
Coincidently, studies found LUE models underestimates of DBF or MF GPP in summer
(Schaefer et al. 2012) when plant canopies are fully developed and the light use efficiency
reaches levels similar to EBF LUE (Fig. 2.7 and Fig. 2.8). Perhaps key environmental drivers
like water stress or nutrients need to be included in modeling.
The drought sensitivity of tropical forests is highly controversial (Saleska et al. 2007,
Phillips et al. 2009, Tan et al. 2013). Two contrasting opinions exist. A study based on satellite
images showed an Amazonian rainforest ―green-up‖ during the severe drought of 2005 and
suggested that tropical forests could be resilient to drought (Saleska et al. 2007). Phillips et al.
(2009) believed the Amazonian forest was sensitive to drought; both decreased growth and
increased morality were observed in the forests during the 2005 drought. Da Costa et al. (2010)
supported the position that tropical rainforests are sensitive to drought. Our results also
supported the latter (Fig. 2.8). The decline of EBF_L LUE from July to September was caused
by drought stress of EBF sites under Aw climates during dry season (data not shown). The study
by Goulden et al. (2004), which analyzed the net exchange of CO2 between the atmosphere and
an old-growth tropical forest in Para, Brazil from July 2000 to July 2001, found ―wood
increment increased from January to May, suggesting greater rates of carbon sequestration
during the wet season‖. The paper also explained why the opposite opinion was often found in
many studies: ―However, the daily net CO2 exchange measured by eddy covariance revealed the
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opposite trend, with greater carbon accumulation during the dry season. A reduction in
respiration during the dry season was an important cause of this seasonal pattern‖. Since our
analysis was based on monthly time-step, a relative long-term trend in comparison to daily
measurements, our finding was consistent with Goulden et al. 2004‘s results.
2.5.3 Disparity between LUE model VS. data-oriented model
LUE models usually involve complex combination of scientific assumptions. In contrast
data-driven models are contingent on availability and quality of sufficient explanatory data.
With an increasing flow of data from the FLUXNET community and remote sensing
instruments, developments of better dialogical models are possible. Previous studies reported an
estimate of global GPP ranged from 102 to 135 Pg C year-1 and an average of 120 Pg C year-1
with 95% confidential level for 1998 to 2005 (Beer et al. 2010). Estimates from data-oriented
models consistently fell into an upper bin of 120 -135 Pg C year-1, while LUE models estimates
always fell into a lower bin of 102 -120 Pg C year -1. Although our results were consistent with
the range: 121.5 ± 3.6 Pg C year -1 for RFR-GPP model and 107.5 ±2.5 Pg C year -1 for RFRLUE-GPP(Table 2.2), we suspect RFR-GPP algorithm had overestimated GPPs at certain
regions of the world (Fig. 2.5). As shown in on Fig. 2.5 and Table 2.2, the RFR-GPP model
estimated much higher GPPs over sparsely vegetated areas at middle to low latitude (i.e. 10 ºS to
40 ºS and 5 ºN to 40 ºN), dominated by major vegetation types of SAV, WAS and OSH. There
are much fewer towers located in these regions and towers are more likely to be located in wellvegetated areas than average (or less than optimum) vegetation coverage, leading to skepticism
about the machine learning training results.
The area of SAV is largest among all the biomes but the estimation of SAV‘s contribution
to total GPP is highly controversial. The result from multi-model averaging reported by Beer et
al. 2010 suggested that SAV contributed to 26 % of global GPP and was ranked as the second
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most important biome. The highest estimate from our models was RFR-GPP at 9.5%. The
estimates were even lower percentages at 4.5% by the RFR-LUE-GPP (Table 2.2). This mismatch may come from uncertainties of land cover, or perhaps from less SAV data available for
our calibrations (two sites included in this study). Although more FLUXNET sites have been
established in recent years, those sites are clustered in Europe and Northern America. To
improve global GPP modeling capacity, more SAV sites are required especially at low latitudes.
2.6 Conclusions
The effects of biome types, seasonality and their interaction on LUE are highly significant
for modeling global GPP. Biome LUE at mid-high latitudes displayed evident seasonality, and
less seasonality at low latitudes. Incorporating biome seasonality of LUE at monthly-scale not
only provides more accurate and comprehensive information for modeling purposes, it also
provides insights on physiological mechanisms for plant phenology at biome-scale with optimum
temporal resolution.
Model performance can be significantly improved by adding Köppen climate classification
data as an explanatory variable in the random forest regression approach, as it conveys the
seasonal phenological state of the vegetation, and improves the prediction of EBF GPP
especially in August. Also, Köppen climate type is a better indicator than temperature and
precipitation in integrating meteorological information in terrestrial carbon cycle modeling.
Another line of evidence showing Köppen climate type is helpful for global carbon
modeling lies in refining spring-time onset photosynthesis condition. The threshold temperature
for spring-time onset photosynthesis updated by other studies at 0 ºC works well for biomes in
temperate climate (Köppen C group), but not for continental climate (Köppen D group). The
latter requires higher spring-time photosynthesis onset temperature because of the required
energy input and time required for the spring thaw and to warm up the roots.
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The RFR-GPP model tended to over-estimate GPP in middle to low latitudes over sparsely
vegetated areas (i.g. 10 ºS to 40 ºS and 10 ºN to 40 ºN) occupied by major vegetation types of
SAV, WAS and OSH, more EC towers are required to reduce the modeling uncertainties.
The dominant climate drivers for global GPP generated by the RFR-LUE-GPP model are
temperature at middle to high latitudes and water availability at low latitudes. The water stresses
in low latitudes are expected to be enhanced by increased temperature and lack of precipitation
as climate warming continues. These analyses echo the necessity of modeling the terrestrial
carbon cycle and its feedback mechanisms by mid-low latitudes and mid-high latitudes
separately.
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Biome Description

nsite

CRO

Croplands

30

CSH

Closed Shrublands

6

DBF

Deciduous Broadleaf Forests

31

EBF

Evergreen Broadleaf Forests

16

ENF

Evergreen Needleleaf Forests 65

GRA

Grasslands

42

MF

Mixed Forests

11

OSH

Open Shrublands

12

SAV

Savannas

2

WET

Permanent Wetlands

15

WSA

Woody Savannas

7

Table 2. 1 Biome classifications sampled at FLUXNET sites with number of sites (nsite) and
their abbreviations.
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Modeled GPP

ENF

EBF

DBF

MF

CSH

OSH

WAS

SAV

GRA

WET

CRO

Tundra

(Pg C/year)

Total
(Pg C/year)

RFR-LUE-GPP

2.0

39.5

2.56

10.8

0.03

4.8

12.0

9.8

6.1

0.5

15.4

2.7

107.5

RFR-GPP

2.2

34.4

2.36

9.8

0.08

11.6

15.7

15.2

9.9

0.5

18.1

1.6

121.5

Table 2.2. Total GPP of different biomes in two models.
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Two-way Anova Test on effects of biome and seasonality on LUE
ANOVA
Biome
Months
Inter
Within
Total

SS
226.25
253.52
213.55
796.45
1489.78

df
5
11
55
720
791

MS
45.25
23.08
3.89
1.11
1.89

Alpha
F
11.65
5.94
3.51

0.05
p-value significant
0.00 yes
0.00 yes
0.00 yes

Table 2.3 A two-factor ANOVA test was conducted on the biome and seasonality effects on light
use efficiency (LUE). Equal numbers of sites from six major biomes (EBF, DBF, ENF, MF,
OSH, GRA) were randomly chosen for the test (n = 11 for each biome). There were statistically
significant effects of biome and seasonality as well as their interaction on LUE (***p <0.001).
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Two factor ANOVA
ML/LL
Months
Interaction
Within
Total

SS
19.14
4.69
6.08
351.78
381.69

df
1
11
11
168
191

MS
19.14
0.43
0.55
2.09
2.00

Alpha
F
9.14
0.20
0.26

0.05
p-value
0.00
0.10
0.99

significant
yes
no
no

Table 2.4 A two-factor ANOVA test was conducted on the latitudes and seasonality effects on
EBF light use efficiency. LL means EBF sites from low latitudes (15.4 ºS to 5.3 ºN, n=7) and
ML means EBF from mid -latitudes (35.5 ºS to 48.7 ºN, n=7). There was a significant difference
between ML EBF and LL EBF (**p < 0.01), while the monthly difference (p = 0.10) and the
interaction between latitudes and seasonality (p = 0.99) were not significant.
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Fig 2.1Köppen-Geiger climate classifications. Climate types are color-coded on the map as
follows: 1: Af; 2: Am; 3: As; 4: Aw; 5: BSh; 6: BSk; 7: BWh; 8: BWk; 9:Cfa; 10:Cfb; 11:
Cfc; 12:Csa; 13:Csb; 14:Csc; 15:Cwa; 16:Cwb; 17:Cwc; 18:Dfa; 19:Dfb; 20:Dfc; 21: Dfd;
22:Dsa; 23: Dsb; 24:Dsc; 25:Dsd; 26:Dwa; 27:Dwb; 28:Dwc; 29:Dwd; 30:EF; 31:ET. Köppen
climate symbols are described in Table S 2.1
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Fig. 2.2 Global LUE map (gC m-2 MJ-1 APAR). A global area-weighted average of 1.23±0.03
gC m-2 MJ-1 APAR was derived by scaling up tower-based LUE to the globe with random forest
regression method. LUE displayed large seasonal variations were shown in Fig. S2.1.
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Fig 2.3 Mean Global GPP map (2001-2005) (gC/m2/year) by RFR-LUE-GPP model. An areaweighted annual mean GPP of 107.5±2.5Gt C /year was estimated by this model.
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Fig. 2.4 Scatter plots of comparison between model outputs (y-axis, gCm-2d-1) and reference GPP
derived by covariance at FLUXNET sites (x-axis, gCm-2d-1). Data points were aggregated to
annual mean for each site. Benchmark model (FRF-GPP) showed a higher Pearson-linear
coefficient (r=0.89). By using RFR for predicting LUE, RFR-LUE-GPP model (r=0.82).
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Fig. 2.5 GPP grid distribution along the latitudes by RFR-LUE-GPP model (grey line) and RFRGPP model (black line). RFR-GPP estimated much higher GPP of sparsely vegetated areas along
mid-low latitudes (grey shades) due to estimate higher GPP of OSH, WAS and SAV.
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Fig. 2.6 Boxplot of latitudes distribution of studied sites grouped by vegetation types (biomes).
The median (horizontal blue dash lines), quartiles (boxes) and the 2.5 and 97.5 percentiles
(vertical blue dash lines, indicating the 95% confidence interval) are marked. Most SAV, EBF
and WSA sites are located at mid-low latitudes.
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Fig 2.7 Temporal variations of light use efficiency and standard errors (defined as the standard
deviation divided by the square root if number of sites) for biomes at middle-high latitude. Light
use efficiency was obtained by fitting a rectangular hyperbola model to the response of CO2 flux
between the ecosystem and the atmosphere to absorbed photosynthetic flux density at monthly
scale. Light use efficiency was aggregated from site to biome level.
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Fig. 2.8 Variations of light use efficiency and standard errors (defined as the standard deviation
divided by the square root if number of sites) for biomes at middle to low latitudes. These three
vegetation types tend to display little seasonal variations of light use efficiency. There were two
geographically distinct groups of EBF sites. One group (EBF_L) consisted of sites from tropical
and the latitudes of these sites range from 15.4 ºS to 5.3 ºN. The other group (EBF_M) was from
mid-latitude European countries (Mediterranean climate) and Australia (oceanic climate). The
latitudes range from 35.6 ºS to 37.4 ºS in southern hemisphere and from 38.5 ºN to 43.7 ºN in
northern hemisphere. There was a significant difference between EBF_M and EBF_L LUE
(Table 2.4., **p<0.01).
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Fig. 2.9 Five-fold cross-validation coefficients (Pearson-linear coefficients) r between predicted
LUE by RFR and LUE obtained from FLUXNET tower sites is presented above. We use Python
scikit-learn module for the analysis (http://scikitlearn.org/stable/modules/ensemble.html#forests-of-randomized-trees). The blue color represents
RFR modeling with Köppen climate type classification (Kp) as one of explanatory variables. The
tan color represents RFR modeling without Kp. Adding Köppen climate type classification data
improved model performance in August significantly (***p < 0.001, Table S2.2).
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Fig. 2.10 Partial correlation between GPP and precipitation with temperature controlled (Top)
and partial correlation between GPP and temperature with precipitation controlled (Bottom).
Blank areas indicate missing data or linear correlation was not not significant (p >0.05).
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2.8 Supplementary Materials
Table S2.1 Description of Köppen climate symbols. For example, ‗Af‘, the 1st letter represents
tropical climate and the second letter represents rainforests. ‗Af‘ means tropical rainforest.

1st letter

2nd letter

3rd letter

A(TROPICAL)

f

Rainforest

m

Monsoon

w

Savannah

W

Desert

S

Steppe

Description

B(ARID)

C(TEMPERATE)

h

Hot

k

Cold

s

Dry summer

W

Dry winter

f

Without dry season
a

Hot summer

b

Warm summer

c

Cold summer

D(COLD/CONTINENT

s

Dry summer

AL)

W

Dry winter

f

Without dry season
a

Hot summer

b

Warm summer
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c
E(POLAR)

Cold summer

T

Tundra

F

Frost

Table S.2.2 Two Factor ANOVA test on Pearson‘s correlation coefficient in modeling LUE
using random forest regressions by the feature Kp and without Kp. Adding Kp as a predicting
feature improves the model predictability.

ANOVA

Alpha 0.05
SS

df

MS

F

p-value

sig

0.04347

1

0.04347

2 5.3511

***0.000

yes

Months

1.22724

11

0.11157

65.059

***0.000

yes

Interaction

0.01564

11

0.00142

0.82922

0.611305097 no

Within

0.16463

96

0.00171

Total

1.45098

119

0.01219

withKp/without
Kp
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Table S2.3 Performances of random forest regression in predicting LUE at site level. Starting
from all features (seven explanatory variables), shown at bottom, then one explanatory variable
was iteratively removed. R was calculated from five-fold cross validation coefficients (Pearsonlinear coefficients). Bold numbers indicate the most significantly declined in r by removing
corresponding explanatory variable.

Removing

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Mean

PFT

0.744

0.776

0.734

0.610

0.604

0.643

0.671

0.584

0.597

0.680

0.675

0.732

0.670

Kp

0.802

0.766

0.729

0.665

0.596

0.655

0.678

0.577

0.637

0.681

0.731

0.761

0.699

fPAR

0.832

0.788

0.805

0.683

0.670

0.619

0.671

0.644

0.633

0.681

0.734

0.778

0.715

EVI

0.819

0.833

0.808

0.675

0.605

0.638

0.701

0.625

0.639

0.717

0.737

0.768

0.718

Ra

0.828

0.803

0.799

0.699

0.647

0.680

0.710

0.607

0.621

0.687

0.732

0.775

0.719

Ta

0.869

0.845

0.817

0.692

0.649

0.659

0.680

0.629

0.642

0.722

0.752

0.779

0.732

P

0.843

0.836

0.817

0.712

0.667

0.691

0.724

0.645

0.658

0.732

0.759

0.791

0.741

None

0.819

0.829

0.812

0.705

0.658

0.676

0.737

0.689

0.681

0.733

0.750

0.797

0.743
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Table S2.4 Comparison of the LUE for five major biomes from our tower-LUE-GPP model
(based on monthly data) and from several models of Yuan et al. (2014) based on yearly data.
(CASA: Carnegie-Ames-Stanford Approach; C-Fix: Carbon Fix; C-Flux: Carbon Flux; EC-LUE:
Eddy Covariance-Light Use Efficiency; MODIS: Moderate Resolution Imaging
Spectroradiometer; VPM: Vegetation Production Model)

Models \LUE(gC/m2MJ) CSH DBF EBF ENF GRA

References

CASA

0.62 1.22 0.87 0.85 0.78

Potter et al.1993

C-Fix

1.89 1.79 1.92 1.85 1.94

Veroustraete et al.2002

C-Flux

1.12 3.07 3.02 2.29 2.53 Turner et al.2006; King et al.2011

EC-LUE

1.28 1.71 1.70 1.85 1.59

Yuan et al.2007

MODIS

0.66 1.77 1.68 1.36 1.52

Running et al.2004

VPM

1.25 2.11 2.17 2.17 1.92

Xiao et al.2005

RFR-LUE-GPP(mean)

0.86 1.52 2.25 0.94 0.78

This research
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Fig. S.2.1 Maps of spatial – temporal dynamics of LUE (gC m-2 MJ-1 APAR) predicted by
random forest regression using the following explanatory variables: temperature, precipitation,
incoming shortwave radiation, enhanced vegetation index, the fraction absorbed PAR radiation,
plant function types, and köppen climate type classification.
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Fig. S.2.2 Scatter plots of comparison between model outputs (y-axis, gCm-2d-1) and reference
GPP derived by covariance at tropical rain forest sites (x-axis, gCm-2d-1). Data points were
aggregated to annual mean for each site. Benchmark model (FRF-GPP) showed Pearson-linear
coefficient r=0.83 and the RFR-LUE-GPP model showed Pearson-linear coefficient r=0.81(n=9).
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Chapter 3. Data-based perfect-deficit approach to understanding climate extremes and
forest carbon assimilation capacities
3.1 Abstract
Several lines of evidence suggest that the warming climate plays a vital role in driving
certain types of extreme weather. The impact of this warming and extreme weather on forest
carbon assimilation capacity is poorly known. Filling this knowledge gap is critical towards
understanding impact of changing the amount of carbon that forests can hold. Here, we used a
perfect-deficit approach to identify forest canopy photosynthetic capacity (CPC) deficits and
analyze how they correlate to climate extremes, based on data measured by the eddy covariance
method at 27 forest sites integrating 146 site-years. We found that droughts severely affect the
carbon assimilation capacities of evergreen broadleaf forest and deciduous broadleaf forest. In
addition, the carbon assimilation capacities of Mediterranean forests were highly sensitive to
climate extremes, while marine forest climates tend to be insensitive to climate extremes. Our
estimates suggest an average global reduction of forest canopy photosynthetic capacity of 6.3 PgC
(~5.2% of global gross primary production) per growing season over 2001-2010, with evergreen
broadleaf forests contributing 51.7% of the total reduction.

3.2 Introduction
Forests store ~45% of terrestrial carbon (~1600PgC) contributing ~50% of terrestrial net
primary production (Bonan et al 2008) making them significant carbon sinks that can mitigate
global warming (Nemani et al 2003, Gielen et al 2013), an effect which may be dampened by
changing climate (Cox et al 2000, Friedlingstein et al 2006, Zhao et al 2010, Yi et al 2010,
2013). The 2003 drought in Europe reduced gross primary production (GPP) by 30%, which
reversed the effect of four years of net carbon sequestration (Ciais et al 2005). It is expected that
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extreme events such as this drought will increase in frequency and intensity (Meehl et al 2004,
Mu et al 2011,Trenberth et al 2012). Studying the impacts of climate extremes on the carbon
cycle of forests is important to understand carbon-climate feedback mechanisms because even a
small shift in the frequency or severity of climate extremes may result in positive feedbacks to
climate warming (Allen et al 2010, Civente-Serrano et al 2013). However, investigations into
the impacts of climate extremes on the carbon cycle are still at the rudimentary level. In this
study, we applied the perfect-deficit approach of Yi et al (2012) to identify extreme values of
canopy photosynthetic capacity (CPC) and climatic variables from flux tower data. The daily
CPC is calculated as the maximum rate of gross primary production (GPP) of the day from
FLUXNET tower data within 30 min resolution. A yearly curve of CPC forms an upper
boundary for the instantaneous canopy photosynthetic rates for a specific site. It is hypothesized
that ecosystem carbon assimilation capacity is only constrained by climate conditions, and then a
perfect CPC (PCPC) is defined as a measure of the maximum carbon assimilation potential for a
site given ―perfect‖ climate conditions for a particular day of the year over the years for which
data are sampled. Deficits of CPC can be readily identified by subtracting CPC curve from the
PCPC curve.
We introduced three indices (duration, intensity and severity) to quantitatively evaluate
extreme climate impacts on forests carbon assimilation capacity, indicated by CPC deficits.
Principal component analysis was applied to identify the driving forces of extreme values of
carbon assimilation reduction resulting from climatic variables.
We used 27 forest sites from Europe, North America and South America, each with at
least 4 years of continuous carbon and water flux records. The represented ecosystem types
include Evergreen Broadleaf Forests (EBF), Deciduous Broadleaf Forests (DBF), Evergreen
Needleleaf Forests (ENF) and Mixed Forests (MF). We also utilize the MODIS gross primary
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productivity (GPP) and land cover datasets covering 2001 to 2010 to determine the spatial
context of changes in forest carbon assimilation at the global scale. Key objectives of this study
were: (1) identify the site-inherent ―perfect‖ conditions for maximal productivity over the
observational records; (2) discover patterns in disruption of forest carbon assimilation associated
with climatic extremes; and (3) expand the application of the method (Yi et al 2012)
geographically to large scale estimations of reduced the carbon assimilation caused by climate
extremes.
3.3 Methods
3.3. 1 Sites and data
Flux tower data: We used data from the FLUXNET ‗La-Thuile‘ database. Data have
been processed in a standard methodology described in Palge et al 2006. The data are storage
corrected and u* filtered. We used growing season data (May-Oct) from 27 forests sites,
including 4 evergreen broadleaf forests (EBF), 7 deciduous broadleaf forests (DBF), 13
evergreen needleleaf forests (ENF) and 3 mixed forest (MF) (Fig.3.1). These sites have a
minimum of four years of continuous (i.e. gap-filled) records of GPP and meteorological
variables, including temperature (Ta), precipitation (P), net radiation (Rn), vapor pressure deficit
(VPD). GPP was partitioned from net ecosystem exchange (NEE) based on nonlinear regression
algorithms (Reichstein M.,2005). Evaporative Fraction (EF) is calculated from the data of
measured latent heat (LE) and sensible heat (H) in FLUXNET. EF is represented by the ratio
between latent heat and the sum of sensible and latent heat fluxes: EF=LE/ (LE+H) which also
can be written as EF=LE/(Rn-G), where Rn is net radiation, G is ground heat flux, and Rn-G is
available energy. If the near soil surface moisture declines, less energy will be used for
vaporization, resulting in low EF. In contrast, if adequate water is available for plants due to
sufficient precipitation, or root access to groundwater, the amount of energy used for
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vaporization will increase, leading to high EF (Schwalm et al 2010).
3.3.2. MODIS GPP and land cover.
We used global monthly GPP datasets (MOD17A2) provided by Zhao et al (2010). The
MODIS GPP algorithm calculated global GPP with 0.05x 0.05 degree spatial resolution over the
period 2001 to 2010. Land cover classification is defined by MOD12Q1. The same spatial
resolution is used in land cover dataset. We masked the areas that are non-forested. ENF, EBF,
MF, and DBF were identified based grid cells‘ values.
(http://www.mmnt.net/db/0/0/firecenter.umt.edu/pub/NPP_Science_2010/Monthly_MOD17A2/
GEOTIFF_0.05degree)
3.3.3Canopy photosynthetic capacity (CPC)
The concept of CPC represents the daily maximum carbon assimilation capacity (Yi et al
2012). The daily CPC of ecosystems was defined as the maximum value of half-hourly GPP in a
day, which was derived from FLUXNET NEE data by nonlinear regression (Reichstein M. et al
2005). A yearly CPC curve is constructed from daily GPP data (Fig. 3.2a). This CPC curve
forms an upper boundary for the instantaneous canopy photosynthetic rates, and the area under
the CPC curve represents ecosystem carbon assimilation potential—how much carbon dioxide
potentially can be assimilated by an ecosystem at a site in an individual year. Perfect CPC
(PCPC) is defined as a measure of the maximum carbon assimilation potential for a site given
―perfect‖ climate conditions for a particular day of the year over the years for which data are
available. The perfect CPC values are calculated for each day of the year as the maximum CPC
recorded on that day across all available years of site data. Thus, a perfect CPC curve of
maximized carbon assimilation potential can be constructed (Fig. 3.2a). The difference between
PCPC and CPC is defined as CPC deficit (Fig. 3.2a). We investigate the relationship between
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magnitudes of the CPC deficit of forests and their driving forces.
MODIS GPP deficit The perfect-deficit approach was also applied to MODIS GPP data sets.
The PCPC was calculated as the maximum value of monthly GPP through the years 2001 to
2010. The CPC deficits were averaged over the ten year CPC deficits which were calculated as
the difference between monthly PCPC and monthly CPC of specific years.
3.3.4 Climate potential index
We used a similar approach as above to define climate drivers or drought proxy (Ta, Rn,
P, VPD and EF). We extract the yearly climatic potential curve from the daily maximum
observed value of each climate variable for each site-year. Climatic envelopes were defined as
the maximum values for each day-of-year observed from at least four continuous yearly records.
Climatic drivers are defined as differences between climatic potential and climatic envelopes.

3.3.5 Extreme indices
The threshold levels of extremes were defined by the relative monthly CPC deficit
Ri=(PCPCi-CPCi)/PCPCi, here the PCPCi is ith month perfect CPC (calculated by integrating
daily PCPC of the whole month), and CPCi is ith month CPC (by integrating the daily CPC of the
whole month). Based sensitivity analysis (Supplementary Fig. 3.1), Ri=0.3 is used as a threshold
value to identify extreme CPC events. We did piecewise linear regression between months
(relative CPC deficit> Ri)/total months and Ri. The Ri=0.3 is close to the breaking point from a
line with deep slope (more sensitive) to one with gentle slope (less sensitive). In order to
emphasize severe extreme events and keep results less sensitive to Ri choice, we used Ri=0.3 as
the threshold value. The legitimateness of using Ri=0.3 as the threshold value in present paper is
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also evidenced by previously published drought and heat wave events that occurred in 2003 in
Europe and caused significant GPP reduction (Ciais et al., 2005). The extreme events
documented in Ciais et al. (2005) can be identified by the choice of Ri=0.3 as the threshold value
in our analysis.
CPC deficit duration, intensity and severity The concept of CPC deficit indices is borrowed
from drought terminology (Sheffield et al 2007) in which a drought index is calculated as the
deficit of soil moisture relative to its seasonal climatology. Similarly, an extreme index from the
point of view of the carbon cycle could be calculated as the deficit of canopy photosynthetic
capacity (CPC) relative to its perfect canopy photosynthetic capacity (PCPC). An extreme event
is defined as a period duration of n months with relative deficit ratios larger than an arbitrary
level. The departure of CPC from PCPC is the extreme event magnitude Mi (gCO2 m-2),

(3-1)

,

where I is the ith month of n month with Ri exceeding 0.3 from May to October during the year,
and the mean magnitude over the CPC deficit duration is the intensity I (gCO2 m-2month-1),

.

(3-2)

The product of duration and intensity gives the CPC deficit severity S (gCm-2),

,

(3-3)

or

.

(3-4)
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We also define classes of extreme events based on their duration as follows:
D1-2(1 n 2), short or medium term,
D3-6 (3 n 6), long term,
where the subscript to D indicates the range of drought duration in months.
3.3.5 Statistical analysis
Principal Component Analysis Principal component analysis (PCA) is one of the mostly widely
used techniques in atmospheric sciences. It is a quantitative rigorous method to explain the
variation of large sets of inter-correlated variables, transforming them into a smaller set of
independent (uncorrelated) variables (principal components). Here, PCA is used to find the
correlations between CPC deficits and climate drivers during the northern growing season (May
to October). Datasets were standardized before we compute the PCA. We use the first three
principal components, which account for at least 70% of the whole datasets variance, to construct
plots with axes formed by these three components. As an approximation (because the variance
described is 70% and above, rather than 100%), the correlations among CPC deficit and climatic
drivers were equal to the cosines of the angles between the corresponding lines in the plot
(Wilks, 2006) (Supplementary Fig. 3.2).
Smoothing algorithm All of the climatic drivers and model variables were smoothed using a 10
days moving average span, via a low pass filter with filter coefficients equal to the reciprocal of
the span.
3.4 Results & Discussion
As an example, the yearly photosynthetic capacity (Amax) curve for site IT-Ro2 (DBF) is
constructed from daily data extracted using equation (S 3.1). The physiological meaning of Amax
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is the highest leaf assimilation rate at saturating values of photosynthetic photon flux density.
The yearly dynamics of CPC from perfect-deficit approach and Amax from the light response
model were shown in Fig. 3.2a. Overall, the data-based CPC was consistent with the modelbased Amax. Both CPC and Amax indicate the severe carbon assimilation reductions during the
2003 growing season in European DBF sites. However, the modeled Amax largely overestimates
the carbon assimilation around the beginning and ending of the growing season, and slightly
underestimating it in the growing season. The index EF deficits show the similar pattern as CPC
deficit (Fig. 3.2b). The clear relationship between GPP deficits and EF deficits occurring at the
IT-Ro2 site (Fig. 3.2a,b) may indicate drought was major constraint to carbon assimilation in this
site during the growing season.
As shown for the example site, we applied the perfect-deficit approach to 27 forest sites
covering EBF, DBF, MF and ENF forests to calculate the duration, intensity and severity of CPC
deficits. Duration means the number of months with relative deficit above 0.3, intensity was
calculated as the mean magnitude of CPC deficit over the duration and severity is the product of
intensity and duration (see methods). The results of duration, intensity, and severity for each site
are listed in Table 1. Severe CPC deficit events were mostly discernible at EBF and DBF sites,
characterized by long term duration (D3-6>3). For the ENF and MF, only 4.9% and 7.7% of sites
exhibited severe CPC deficit events. As shown in Fig. 3.3, at the biome scale, the EBF sites were
dominated by significant reduction in carbon assimilation indicated by large CPC deficits. Over
the studied sites, the EBF CPC deficits were at the highest average severity, with assimilation
reduction of 824.2gCO2 m-2 per growing season, 1.8 months of duration, and 79 gCO2 m-2 month1

of intensity. The average severity, duration and intensity were similar for DBF sites: 673.2

gCO2 m-2, 1.5 months, and 76.1 gCO2 m-2 month-1 respectively. The frequency of severe CPC
deficit events in the broadleaf forests (i.e. EBF and DBF) indicates a high inter-annual variability
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of carbon assimilation capacity in these ecosystems. In contrast, the ENF sites rarely exhibited
significant CPC deficits, with aggregated average values of severity, duration, and intensity of
149.2gCO2m-2, 0.5months, and 35.9 gCO2m-2 month-1, respectively. The three MF sites behaved
similarly to the ENF sites. We found that the CPC deficits of forests vary significantly by climate
region. The frequency of severe CPC deficits of Mediterranean forests was high (Table
3.1).Because Mediterranean forests usually suffer from long dry summers, drought is the most
important cause of forest carbon assimilation declines in this climate zone. There, 75% of the
severe CPC deficit events coincide with significant EF deficit trends.
In this study, we applied principal component analysis to illuminate the correlation between
CPC deficits and climatic drivers. Conventionally, deconvoluting the climatic effects of carbon
assimilation is difficult, because the climatic variables and drought index usually co-vary
strongly. PCA methods can effectively separate those individual effects (Jung et al 2006, Wilks
2006). As illustrated in Fig. 3.4, CPC deficit of EBF strongly correlates with EF deficit with a
mean correlation coefficient (denoted by cosine of two lines that represent EF deficit and CPC
deficit) of 0.42. However, the cosine values between CPC deficit and other climatic variables
(Ta, Rn, VPD and P) range from -0.04 to 0.04, indicating the correlations are very weak. For DBF
biomes, the CPC deficit also displayed strong correlation with EF (cosine of 0.43), but slightly
correlated with Rn (cosine of 0.18). Results suggest a drought control on CPC in these two
broadleaf forests. However, the correlations of broadleaf forest CPC deficits and precipitation
were weak. This may be attributed to several reasons. First, the typical probability density of
precipitation is gamma distribution, while the PCA approach assumes that data is normally
distributed. This mismatch may introduce bias to assess the role of precipitation in its correlation
to CPC deficits. Second, precipitation is a sporadic input to the soil moisture budget (Noy-Meir
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1973), and does not influence ecosystem activities immediately. In addition, trees are generally
more resistant to instantaneous local environmental changes (Teuling et al 2010).
A number of previous studies have suggested that, in temperate boreal forest ecosystems, the
growing season photosynthetic capacity was mostly constrained by temperature (Falge et al
2002; Griffis et al 2003). At the biome scale, the correlation of the CPC deficits of both ENF and
MF with climatic drivers was weak (Fig. 3.4). The correlation between ENF CPC deficit and Rn
was highest (cosine 0.26) among the other climatic drivers, while the MF CPC deficit had no
significant correlation with all the climate drivers or drought index.
Within the same type of forests, the climatic control of carbon assimilation capacity could
vary among climatic zones (Table S3.1). The CPC deficits of Mediterranean EBF (Csa) was
apparently controlled by drought while that of tropical (Af). EBF depended less on climatic
factors based on a 5 year average of data. In contrast to Mediterranean (Csa) DBF, whose carbon
assimilation capacity exhibited a strong dependence on drought, continental and moist tropical
DBF (Cfb and Dfb) carbon assimilation capacities were less impacted by drought. Instead, Ta
and radiation were stronger constraints.
Fig. 3.5 illustrates the monthly global spatial extent of CPC deficits during growing seasons.
Non-forested areas are masked from the analysis. We estimate a global reduction of all forests
CPC of 6.3 PgC (~5.2% of total terrestrial GPP) per growing season, and EBF forests
contributed 51.7% of the total reduction. Although DBF displayed significant CPC deficits at the
site level, the total carbon lost was small due to the small area covered globally. The high CPC
deficits of EBF occur in May and July, especially at tropical forests of southern Colombia and
northern Peru. The large carbon loss through temperate and boreal forests (ENF and MF)
occurred in June and August, most pronounced at boreal forests of Canada and northern United
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States, as well as western Russia. Combining the ENF and MF biomes together, they contribute
almost another half of total forest carbon assimilation reduction.

3.5 Conclusions
We analyze the effects of climate extremes on forest carbon assimilation and discuss how
that might impact the carbon cycle. An observation-based estimate of those impacts was
presented by introducing three indices: duration, intensity and severity. Our study suggests that
carbon assimilation capacities of broadleaf forests (EBF and DBF) could be significantly
impacted by drought, indicated by low values of EF. Carbon assimilation capacities of broadleaf
forests are significantly reduced by extremes of climate variables, especially for EBF biomes. On
the global scale, EBF contributes more than 50% of the carbon reduction of forests. Climate
extreme events, specifically drought, are expected to increase in intensity and severity in the
future. The present analysis can help to identify and quantify the climate extreme impacts on
terrestrial carbon cycles and improve our understanding of carbon-climate feedback mechanisms.
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Table 3. 1 Number of long term CPC deficit events by forest types (May –October). Severe CPC
deficit event is defined as three consecutive months with relative deficit ratio (monthly CPC
deficit divided by PCPC) exceeding 0.3 (D>3). Severe CPC deficit events were mostly
discernable at EBF and DBF sites. Climate group following the Köppen-Geiger classification
scheme. A ,moist tropical climate, Af indicates tropical rain forest; C, moist climates with mild
winters, Cfa and Cfb represent humid subtropical climate; Csa and Csb represent Mediterranean
climate; D, moist climates with severe winters, Dfb represent humid continental climate and Dfc
represents subpolar climate.
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Fig. 3.1 Spatial distribution of the studied forest sites. The forest types are shown in the legend.
27 Fluxnet forest sites were used in this analysis, including 4 evergreen broadleaf forests (EBF),
7 deciduous broadleaf forests (DBF), 13 evergreen needleleaf forests (ENF) and 3 mixed forests
(MF). These sites have a minimum of four years of continuous data of gross primary product
(GPP), Temperature (Ta), Precipitation (P), Net Radiation (Rn), Latent hear (Le) and Sensible
heat (H).
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Fig. 3.2 . Perfect-deficit approach and modeled Amax. (a) Comparison of CPC, and PCPC by
the perfect-deficit approach from flux tower data and modeled photosynthetic capacity Amax using the light-response model (Ruimy et al 1995) (Supplementary Materials). The deficit
(shadow) represents the severe GPP drop occurred in growing season 2003 at the IT-Ro2 site
located in Italy. PCPC gives the observed site-specific maximum daily GPP rate given ―perfect‖
conditions. (b) Perfect evaporative fraction (PEF) and daily maximum evaporative fraction (EF)
in 2003. The shadow indicates the EF deficit for that year.
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Fig. 3.3. Duration, Intensity and Severity of CPC deficit of forests (per growing season). Shown
are the median (red horizontal lines), the quartiles (colored boxes), 25th and 75th percentiles (the
edges of the box).Duration counts the months with relative deficit ratio exceeding 0.3 for each
growing season. Magnitude indicates the sum of the differences between monthly PCPC and
CPC. Mean magnitude (the value of magnitude over duration) is defined as intensity. The
product of duration and intensity gives the CPC deficit severity.

73

Fig. 3.4 Correlations between CPC deficits and climatic variable deficits (May-October).Shown
are the median (red horizontal lines), the quartiles (colored boxes), 25th and 75th percentiles (the
edges of the box). The correlations are calculated using principal component method. Three
components are retained to form three dimensional plots, which explain at least 70% of total
variations of the dataset (Table S3.2). Correlations are calculated as the cosines of the angles
between GPP deficits and Temperature (Ta), Radiation (Rn), Vapor Pressure Deficit (VPD),
Precipitation (P), Evaporative Fraction (EF) deficits. CPC deficits of DBF and EBF are highly
correlated with EF deficits, suggesting drought control of carbon sequestration among these two
types of forests.
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Fig. 3.5 Remote Sensed GPP deficit in growing season. GPP Deficit through 2001 to 2013 was
aggregated into a monthly mean. In this study, we used global MODIS GPP date sets published
in Zhao et al 2010. Forest GPP was calculated based on MOD12Q1 land cover product. Nonforested areas were masked from our analysis.
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3.7 Supplementary Materials
CPC and modeled photosynthetic capacity (Amax)
Although the concept of CPC in perfect-deficit approach works well in identifying
climate extremes impacts on carbon uptake by ecosystem (Yi et al 2012), the accuracy of this
approach is subjected to data sufficiency and uncertainties associated with algorithm of
partitioning NEE into GPP. Here we use a light-response model to calculate photosynthetic
capacity (Amax) in comparison with the data-based photosynthetic capacity (CPC) to see to what
extends they are consistent. The response of CO2 flux between a leaf and the atmosphere to
absorbed photosynthetic photon flux density (PPFD or Q) can be described by a rectangular
hyperbola formula (Ruimy et al 1995, Yi et al 2004),

NEE  Re 

QAmax
,
Q  Amax

(S 3.1)

where NEE represents net ecosystem exchange, which is measured from Fluxnet towers;
Re is ecosystem respiration rate; α is apparent quantum yield represented by the initial slope of
the light-response curve. Apparent quantum yield relates to chlorophyll concentration, and the
electron transport rate. Amax is the leaf assimilation rate at saturated values of Q, which indicates
the maximum photosynthetic capacity. The whole second term on the right side of the equation
gives photosynthesis or GPP,

GPP 

QAmax
Q  Amax

(S3.2)

We used curve fitting procedures (Matlab curve fitting toolbox) to extract the daily Amax
based on equation (2). A threshold value of model efficiency (measured by R2) of 0.4 was
applied based on the recommendation of Ruimy et al (1995) to determine the goodness-of-fit.
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Amax values of the days with model efficiency lower than 0.4 were discarded. Linear interpolation
was used to fill the missing gaps created.
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Table S3.1 Site-averaged Correlations between CPC deficits and climatic drivers (MayOctober).The correlations were calculated using principal component analysis method. The first
three components were kept to create principal component plots, which explain at least 70% of
total variations of the datasets. Correlations were calculated as the cosines of the angles between
GPP deficits and climatic drivers (Ta, Rn, VPD, P and EF )
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Fig S3.1 R1 X-axis is relative CPC deficit, i. e. Ri=(CPC deficit)/PCPC, while y-axis is fraction
of months (relative CPC deficit > Ri) to the total months of investigation. The Ri values below
0.075 cannot be used as the threshold value because hard to distinguish events from different
types of forests. The gray thick lines are piecewise linear regression lines. Ri=0.3 is close to the
breaking point from deep slope to gentle slope. To address extreme events with less sensitivity to
Ri, Ri=0.3 is used as threshold value to identify the CPC deficit events.
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Fig. S.3.2 Principal Component Analysis of CPC deficit and meteorological deficits (EF, Ta, Rn,
VPD, P) of IT-Ro2, May through October, 2004), the correlations among CPC deficit and
climatic drivers were equal to the cosines of the angles between the corresponding lines in the
plot. Results show that the correlations between CPC deficit and climatic drivers (EF,Ta,VPD,
Rn and P) were 0.87,-0.38,-0.04, 0.16, 0.30, respectively.

84

Fig. S3.3 The fraction of CPC deficits to the overall capacity of the forest types. Although the
total PCPC is higher for the EBF and DBF sites, the CPC deficits fractions are also higher than
those of ENF and MF sites. Normalized results do not show ENF and MF have larger effects
than those our indices showed.
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Chapter 4. Warming climate extends dryness-controlled areas of terrestrial carbon
sequestration
4.1 Abstract
At biome-scale, terrestrial carbon uptake is controlled mainly by weather variability.
Observational data from a global monitoring network indicate that the sensitivity of terrestrial
carbon sequestration to mean annual temperature (T) breaks down at a threshold value of 16oC,
above which terrestrial CO2 fluxes are controlled by dryness rather than temperature. Here we
show that since 1948 warming climate has moved the 16oC T latitudinal belt poleward. Land
surface area with T >16oC and now subject to dryness control rather than temperature as the
regulator of carbon uptake has increased by 6% and is expected to increase by at least another
8% by 2050. Most of the land area subjected to this warming is arid or semiarid with ecosystems
that are highly vulnerable to drought and land degradation. In areas now dryness-controlled, net
carbon uptake is ~27% lower than in areas in which both temperature and dryness (T <16oC)
regulate plant productivity. This warming-induced extension of dryness-controlled areas may be
triggering a positive feedback accelerating global warming. Continued increases in land area
with T>16oC has implications not only for positive feedback on climate change, but also for
ecosystem integrity and land cover, particularly for pastoral populations in marginal lands.
4.2 Introduction
Warming climate is altering climate-control mechanisms of terrestrial carbon sequestration
(Ciais, P. et al. 2005; Canadell, J. G. et al. 2007; Zhao, M. and Running, S. W. 2010; Cox, P. M.
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et al. 2013). The direct observational evidence provided by a global network (FLUXNET) of
continuous in situ measurements of land-atmosphere exchanges of CO2, water vapour and energy
across biomes and continents, indicates that terrestrial CO2 fluxes are: (1) strongly limited by
mean annual temperature (T) of less than16oC at mid- and high-latitudes; (2) strongly limited by
dryness at mid- and low-latitudes; and (3) co-limited by both temperature and dryness around the
mid-latitudinal belt (45 °N) (Yi, C. et al. 2010). The sensitivity of terrestrial CO2 fluxes to T
breaks down at ∼16 °C, a threshold value above which no further increase of CO2 uptake with
temperature was observed and dryness influence overrules temperature influence. Here, we
examine a hypothesis that the threshold-latitudinal belt at which T is 16oC is shifting poleward as
the Earth‘s surface warms and hence the areas of dryness-control of terrestrial CO2 fluxes
(T >16oC) is expanding. We use global land temperature data (1948 - 2012) to test this
hypothesis and examine the potential consequences of warming-induced extension of the
dryness-controlled area on climate change (Kalney, E. et al. 1996; Fan, Y. and van den Dool, H.
2008).
4.3 Methods
Details of calculating land temperature, precipitation, net radiation, and PDSI are given in
the Supplementary Information. Here we summarize the method used to estimate NEE difference
induced by the switch of climate control from the CPL to WPL. For the case of the shifted area
in the CPL (purple in Fig. 4.3), its NEEB is limited by both temperature (T) and dryness (D) and
is estimated using a bivariate-nonlinear regression model
NEEB=-3.9855-0.0272T+2.9394D-0.0114T2-0.69688D2,

(4-1)

where D is defined as Rn/(P), Rn is mean annual net radiation MJ m-2 yr-1, P is mean annual
precipitation mm yr-1, and

(=2.5 MJ kg-1) is the enthalpy of vaporization. For another case of
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the shifted area in the WPL where NEED is limited by dryness along (T >16oC), we use the
regression model of D-limited group in Yi, C. et al 2010,
NEED=-1.0101D3+3.1203D2+1.8055D-8.2528.

(4-2)

All the regression coefficients in equations (4-1)-(4-2) are estimated from the published eddycovariance data (see supplementary Table S 4.1).
4.4 Results and discussion
We calculated land area where T is higher than or equal to 16oC for each year during the
period from 1948 to 2012 using mean monthly surface temperature data (0.5o x 0.5o resolution)
from the National Centers for Environmental Prediction-National Center for Atmospheric
Research (NCEP/NCAR) reanalysis dataset. We refer to land area with T

16oC as dryness-

controlled areas where terrestrial CO2 fluxes are limited by dryness and not by temperature5. A
pronounced increase in the dryness-controlled area occurred following a slight drop before 1976,
mirroring the variation with land warming (Fig. 4.1a). About 90% of the variance in the
extension of the dryness-controlled area was accounted for by land warming (R2=0.90,
p<0.0001, see Fig. 4.1b).
We assume that net ecosystem-atmosphere exchanges of CO2 (NEE) in the areas close to the
cold side (T < 16oC) of the shifted boundary are controlled by both temperature and dryness (Yi,
C. et al. 2010) , written as NEEB that is predicted by equation (4-1). For NEE in the area on the
warm side (T >16oC) of the shifted boundary, it is written as NEED, that is determined by dryness
alone through equation (4-2). How will increasing T affect NEE in area that shifts from control
by both T and dryness (T < 16oC) to control by dryness alone (T> 16oC)? We estimated the
difference between NEEB and NEED by applying a NEE model (see Methods) that was derived
from datasets collected by a worldwide, tower-based, observational network (Yi, C. et al. 2010)
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to the shifted area. The climate data used in the model were T and dyness averaged over the
period 1948 – 2010 with 0.5o x0.5o spatial resolution in the shifted area. Dryness was calculated
from the monthly datasets of net incoming short-wave radiation and net long-wave outgoing
radiation of the NCEP/NCAR reanalysis (Shi, Q. and Liang, S. 2013) and the gridded monthly
terrestrial precipitation datasets (Chen, M. et al. 2002).This data-driven estimate indicates that
CO2 transfer from the atmosphere to the biosphere is reduced by 27% in the shifted area where T
changed from less than to greater than16oC. Qualitatively, the model prediction reveals a positive
feedback mechanism: climate warming extends the dryness-control area, which reduces CO2
transfer from the atmosphere to biosphere. Thus, because the atmopheric CO2 concentration will
increase at a greater rate, the climate will warm at an accelerating rate due to the positive
feedback. If the global area under dryness-control (Fig. 4.1a) continues to increase at only the
same rate as occurred over the preceeding half-century, the warming-induced dryness-controlled
area will double by 2050.
With climate warming much of Earth‘s land has been moderately drying since 1976,
averged over all land areas, based on annual Palmer Drought Severity Index (PDSI) estimates
(Fig. 4.2a) derived from the monthly self-calibrated PDSI data 0.5o x 0.5o resolution over the
spatial range from 60oS to 70oN (Dai, A. 2011a; 2011b). Our analysis finds that the drying trend
in the shifted area was strongest and in land areas where T is above 16oC was second strongest
(Fig. 4.2b). The land area where T >16oC encompasses low latitudes in the northern hemisphere,
most of Africa, Middle and South America, Australia, South- and Southeast Asia (Fig. 4.3). In
these regions, tower-based FLUXNET observations (Mu, Q. et al 2011) document that at
ground-level these large land areas indeed are drying up and this is confirmed by remote sensing
data (Jung, M. et al. 2010). This drying is attributed to increased evaporation and
evapotranspiration due to warming. If the trend of drying up over the large land area where
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T>16oC continues a strong positive feedback on warming is suggested because of reduced CO2
transfer from the atmosphere to land (expansion of the brown areas in Fig. 4.3) via NEE that is
limited substantially by water availability, thus inducing additional warming. In contrast, in the
land area where mean annual temperature is below 16oC (green area in Fig. 4.3) a trend toward
greater wetness has been observed with climate warming (Fig. 4.2).
Two large areas between the cold (<16oC, green color in Fig. 4.3) and warm zones (>16oC,
brown color in Fig. 4.3) have different performances during El Niño/Southern Oscillation
(ENSO) events (Fig. 4.2a, Table. 4.1). In this analysis we included El Niño years with an oceanic
Niño index (ONI) greater than 1 during the period between 1948 and 2012, and La Niña years
with ONI less than -1 (Table 4.1). Half of the El Niño years were consistent with the cold phases
(dips of temperature curve) of the cold zone (CPL, green area in Fig. 4.3), while 70% of the La
Niña years were consistent with the warm phases (peaks of temperature curve) of the CPL (Table
4.1). The CPL warm/cold phases appeared to be opposite of the warm/cold phases of the ENSO
cycle. However, the global land area followed the warm/cold phases of the ENSO cycle very
well. The CPL wet/dry phases appeared different from that of the global land area (Table 4.1).
However, the wet/dry phases of the warm part of the land (WPL) were very consistent with that
of the ENSO cycle, i. e. 90% El Niño years were in the dry phases, while 70% La Niña years
were in the WPL wet phases (Fig. 4.2a). We could not find a better relationship of the WPL
warm/cold phases with the ENSO cycle. However, if we assume that WPL temperature
responses to the ENSO cycle lag by a year, 90% of El Nino years coincided with the WPL warm
phases, while 80% La Niña years coincided with the WPL cold phases. These fascinating
coincidences, that became obvious after lagging the data by a year, can be understood at least
theoretically in the following way. In the WPL wet phases, a much larger fraction of net
radiation is used for evapotranspiration as latent heat and hence potential warming is reduced,
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while in the WPL dry phases, comparitively less net radiation is used as latent heat, so the
temperature is increased. This energy budget adjustment may need about a year to reach
equilibrium for about half of Earth‘s land. Temperature responses to the ENSO cycle of the
shifted area (purple color in Fig. 4.3) were similar to the responses of the total global land area
because the temperature of the shifted area is close to the land-average temperature. However,
the pattern with 60% of El Niño years being wetter while 30% La Niña years were dryer for the
shifted area is coincident with the typical precipitation patterns of the ENSO cycle reported by
NOAA (Yan, H. et al. 2013).
The shifted areas are transitional zones where not only is the climate-control mechanism of
NEE switched as discussed above, but also meteorological conditions are more variable and
vegetation is highly vunerable to climate changes and weather extremes. Dominant vegetations
in the shifted regions (purple color in Fig. 4.3) are open shrublands (25%), croplands (22%),
grasslands (7%), and desert (13%) (see Supplementary Table 4.1). Except for the shifted areas in
southeastern China (box 4 in Fig. 4.3) and southeastern United States (box 1 in Fig. 4.3), most
shifted areas are arid and semi-arid land with typical vegetation of open shrublands and
grasslands. The annual NEE of these ecosystems is quite sensitive to climate conditions of low
precipitation and high evapotranspiration rates ( Noy-Meir, I. 1993; Warner, T.T. 2004; Prieto, P.
et al. 2008; Yi, C. et al. 2012).
The locations of shifted areas in the northern hemisphere are coincident with the
descending branch of the Hadley cell (HC) and are consequently associated with low
precipitation and high evaporation rates (Kang, S. and Lu, J. 2012). Several lines of evidence
indicate that the HC has intensified and expanded poleward over the past three decades as a
consequence of climate warming (Hu, Y. and Fu, Q. 2007; Lu, J. et al. 2007; Li, W. et al. 2012)
and that the HC expansion in the northern hemisphere is stronger than in southern hemisphere
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( Nguyen, H. et al. 2013). The contemporaneous poleward shift of both the HC and the WPL
(significant since late 1970s) and location of the WPL with respect to the HC (nothern desending
branch of the HC), strongly suggests that the WPL migration poleward is driven by global
warming. The drying trend of the shifted area (Fig. 4.2a-b) should be expected to result in
vegetation cover shift, with decreased biodiversity and desertification. A line of evidence from
remote sensing imagery indicates that drying is accelerating the degradation of vulnerable
shrublands in some semiarid Mediterraneanare (Vicente-Serrano, S. M. et al. 2012; Dorman, M.
et al. 2013).
Division of the land into the WPL and CPL by threshold value (16oC) of annual mean
temperature based on 64 years (1948 – 2012) climate data brings new insights into the warming
of Earth‘s surface. The two parts of the land behave almost opposite to each other in the phases
of the ENSO cycle and differ in climate control mechanisms of carbon sequestration (Yi, C. et
al. 2010; Graven, H. D. et al. 2013; Pen, S. et al. 2013). The WPL has expanded poleward
significantly (Fig. 4.1) and has become dryer (Fig. 4.2) in the past four decades. The trend of
warming-induced drying of the WPL, by reducing NEE thereby reducing withdraw of CO2 from
the atmosphere, contributes a positive feedback on global warming. Furthermore, as lands are
shifted from CPL to WPL becoming more arid and subject to desertification, they also release
soil carbon adding additional CO2 to the atmosphre. It is estimated that 19-29Pg of carbon were
added to the atmosphere from vegetation and soil carbon pools globally by desertification (Lal,
R. 2004). The frontal boundary (or the shifted area) of the WPL has been transformed by global
warming into more vunerable regions where weather gradients are stronger (Fig. 4.2),
ecosystems are more sensitive to even slight increases in water deficit (Fig. 4.3) ( Dorman, M. et
al. 2013), crop yield is reduced by extreme heat waves( Lobell, D. B. and Gourdji, S. M. 2012),
and vegitated land cover and pastroral population are reduced. For instance, in Australia, where
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wide areas are becoming not suitable for sheep breeding due to reduced precipitation and
increased soil salinity. An expansion of the global network (Baldocchi, D. et al. 2001)
monitoring NEE to target the identified shifted areas would provide data that could improve our
ability both to model these regions as they undergo further transitions and to assess the likely
impacts on climate as a consequence of altered NEE and increased soil aridity. The present work
raises the following two questions: (1) what atmospheric circulation mechanisms support the
hypothesis of a year time lag between the WPL temperature response and the ENSO water
phases; and (2) is the synergistic poleward expansion of the frontal boundary of the WPL with
the HC a long-term or a short-term behavior and what are the consequences of this synergy for
global NEE and for the rate of change in atmospheric CO2?

Global Land
Area

Properties

10 El Nino years*

10 La Nina years+

T (oC)

70% warmer

80% cooler

PDSI

30% dryer

40% wetter

T (oC)

Not clear but taking 1 year
lag 90% warmer

Not clear but taking 1
year lag 80% cooler

PDSI

90% dryer

70% wetter

T (oC)

50% cooler

70% warmer

PDSI

50% wetter

40% dryer

T (oC)

70% warmer

80% cooler

PDSI

60% wetter

30% dryer

Land Area
Above 16oC

Land Area
Below 16oC

The shifted
area

Table 4. 1 Temperature, PDSI, and ENSO events from different areas classified in Fig. 4.3.
*10 El Nino years include: 1957-1958, 1965-1966, 1972-1973, 1982-1983, 1986-1987, 19911992, 1994-1995, 1997-1998, 2002-2003, 2009-2010.
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+10 La Nina years include: 1950-1951, 1955-1956, 1964-1965, 1970-1971, 1973-1974, 19751976, 1988-1989, 1998-1999, 2007-2008, 2010-2011.

Fig. 4.1 Relationship between dryness-control area (%)and land temperature (oC) (1948-2012):
(a) the evolution of dryness-control area (blue line) and land average temperature (red line); and
(b) correlation between annual dryness-control area and annual land-average temperature
(R2=0.90, P<0.0001). The dryness-control area refers to the total area of regions where mean
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annual temperature was higher than or equal to 16oC and terrestrial CO2 fluxes are controlled by
dryness rather than temperature based on the direct observational evidence provided by a global
monitoring network. The annual dryness-control area and annual land surface temperature during
the period from 1948 to 2012 were derived from mean monthly temperature data at surface (0.5o
x 0.5o resolution) from the National Centers for Environmental Prediction-National Center for
Atmospheric Research (NCEP/NCAR) reanalysis data se. The black lines indicate the trends of
dryness-control area that was similar to that of land-average temperature (omitted): a slight drop
between 1948–1975 and then a striking increase during 1976-2012. The striking increase in
temperature is a direct result of increased greenhouse gases in the atmosphere (Rohde, R. et al.
2013).The red arrows in (a) indicate El Niño years with oceanic Niño index (ONI) greater than 1,
while blue arrows in (a) indicate La Nina with ONI less than -1
(http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml). 70%
El Niño years were consistent with wamer years, while 80% La Nina years were consistent with
cooler years.
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Fig. 4.2 The Palmer Drought Severity Index (PDSI). (a) Links between PDSI and ENSO
events.The green curve shows PDSI for the area with temperature above 16oC; the light blue
curve for the area with temperature below 16oC; the grey curve for the whole area of the land;
and the thin red curve for the shifted area from below 16 oC to above 16 oC during 1948 – 2012.
The red arrows indicate El Niño years with oceanic Niño index (ONI) greater than 1.0, while
blue arrows indicate La Niña with ONI less than -1.0
(http://www.cpc.ncep.noaa.gov/products/analysis_monitoring/ensostuff/ensoyears.shtml). (b)
The trends of PDSI. The filled circles are five-year moving average of the PDSI data shown in
(a). Mean annual land surface temperature during the period from 1948 to 2012 was derived
from mean monthly temperature data at surface (0.5o x 0.5o resolution) from the National Centers
for Environmental Prediction-National Center for Atmospheric Research (NCEP/NCAR)
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reanalysis data set. Annual PDSI data were derived from the monthly self-calibrated PDSI data
(0.5o x 0.5o resolution, spatial range from 60oS to 70oN,
http://www.cgd.ucar.edu/cas/catalog/climind/pdsi.html) 11,12. Drought classification by PDSI are:
[-0.49, +0.49]→ normal; [-0.5, -0.99]→ incipient dry spell; [-1.0, -1.99]→ mild drought; [-2.0, 2.99]→ moderate drought; [-3.0, -3.99]→ severe drought10(Dai,2011). The PDSI behaviours to
the ENSO events were different between: (1) the area above 16oC (light blue curve in (a)), 90%
El Nino years were dryer, while 70% La Nina years were wetter; and (2) the area below 16 oC
(light green curve (a)), 50% El Nino years were wetter, while 40% La Nina years were dryer (see
Table 4.1).
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Fig 4.3 Map of mean annual temperature (1948-2012): below 16oC in light green regions; above
16oC in light red regions, and shift from below 16oC to above 16oC in purple regions. The map
was produced based on the NCEP/NCAR ranalysis data
(http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.derived.pressure.html). The
information of vegetation distribution, and precipitation (P) are summarized in boxes for the
shifted areas (purple color) in each of seven framed regions marked on the map. The vegetation
is coded according to the IGBP classification: GRA, grassland; CRO, cropland; MF, mixed
forest; OSH, open shrubland; WSA, woody savanna; SAV, savanna; EBF, evergreen broad-leaf
forest; and BAR, Barren or sparsely vegetated.
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4.6 Supplementary Materials
Temperature. Annual mean temperature was calculated from mean monthly

o

o

temperature data at surface (0.5 x 0.5 resolution) from the National Centers for
Environmental Prediction-National Center for Atmospheric Research
(NCEP/NCAR) reanalysis data set (Kalnay, E., et al. 1996; Fan, Y. and van den
Dool, H. 2008 ). Monthly land surface temperature was averaged over each grid cell
in each year to get annual mean temperature from year 1948 to 2012
(http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis.derived.pressure.ht
ml).

o

o

Precipitation. Annual precipitation over each grid cell (0.5 x 0.5 resolution) was

summed up for each year from the monthly precipitation data sets with spatial

o

o

resolution 0.5 x0.5 covering the period of Jan 1948 to Dec 2010 (Dai, A. 2011)

(http://www.esrl.noaa.gov/psd/data/gridded/data.precl.html). The calculated annual
precipitation data were used for dryness calculation.
Land Cover. The land cover classes were determined by MODIS land cover product MOD12C1
dataset. The land cover types were classified under IGBP global vegetation classification
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o

o

scheme. The resolution of original dataset format was 0.05 x0.05 . We resampled the data sets

o

o

into 0.5 x0.5 resolution using nearest neighbor interpolation, which was processed by Matlab
Mapping toolbox. Land Cover data was used to define the vegetation types at boundary regions.

Radiation. Monthly radiation data sets were calculated from NCEP reanalysis net
shortwave radiation and net longwave radiation covering period of 1948 to 2010. Net
radiation is the balance of net incoming radiation (short wave radiation) and net
outgoing radiation (long wave radiation).The radiation reanalysis data originally used a

o

resolution of 1.875

o

x1.915

the data into 0.5 x0.5

o

o

(Chen, M., et al. 2002; Shi, Q., Liang, S. 2013).We resampled

resolution using nearest neighbor interpolation, which was

performed by Matlab mapping tool box.
(http://140.172.38.100/psd/thredds/catalog/Datasets/ncep.reanalysis.derived/surface_gauss/catal
og.html). Radiation data sets were used as the input data to calculate dryness.
PDSI. The Palmer Drought Severity Index (PDSI) has been widely used to quantify
long-term changes of surface moisture conditions (Dai. A. 20011b) PDSI is a
standardized measurement, ranging from -10 (dry) to +10 (wet) that allows comparisons across
space and time (Mu. Q. et al. 2011) The PDSI data sets used in this analysis cover 60S-77.5N

o

o

o

with resolution 2.5 x2.5 . We resampled the data into 0.5 x0.5
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o

resolution using

nearest neighbor interpolation,

which

was

completed

by

Matlab

mapping

toolbox. (www.cgd.ucar.edu/cas/catalog/climind/pdsi.html)
Area-weighted approach. We performed an area-weighted mean within a latitude grid

o

o

box from data given on a regular latitude-longitude grid (0.5 x0.5 ). Spherical triangle

in area calculation method is applied in order to compensate for the meridian
convergence toward higher latitudes. The method treated the earth as a spherical ball
with a radius of 6371km. Each gridded pixel is broken into its upper left triangle and
lower right triangle. Each spherical triangle is calculated by the lat/lons of the pixel
using the formula of spherical triangle area calculation. All the area-weighted
calculations in this study were performed in this way.
Temporally, a 5-year moving average span was applied to PDSI data shown in Fig. 4.2b,
by using a lowpass filter with filter coefficients equal to reciprocal of the span.
Seven sub-regions of the shifted area (purple areas in seven boxes in Fig. 4.3) are
arbitrarily assigned to study the features of climate and vegetation. The starting and
ending latitudes and longitudes are provided as following
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Purple area in framed box in Fig. 4.3
Box 1
Box 2
Box 3
Box 4
Box 5
Box 6
Box 7

Latitudes
15N – 45 N
22.5N – 45 N
22.5N – 45 N
22.5N – 45 N
30S – 60S
15S – 45S
15S – 45E
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Longitudes
120W – 65W
30W – 45E
50E – 90E
90E – 150E
90W-30W
0E-30E
105E -165.5E

Table S.4.1 Vegetation distribution (%) in the shifted areas marked in Fig. 4.3. The vegetation is
coded according to the IGBP classification: ENF, evergreen needle-leaf forest; EBF, evergreen
broad-leaf forest; DBF, deciduous broad-leaf forest; MF, mixed forest; CSH, Closed shrublands;
OSH, open shrubland; WSA, Woody savannas; SAV, Savannas; GRA, grassland; CRO,
cropland; URB, Urban and built-up; and BAR, barren or sparsely vegetated.
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Chapter 5. Conclusions and Recommendations for the Future Research
5.1 Conclusions
LUE is the concept at core in the context of remotely sensed based estimations of GPP at
large scale. Physiologies, leaf structures and canopy architectures differences among different
biome make it difficult to seek common algorithm to model LUE. Our studying in biome
seasonality of LUE at monthly-scale provides insights on physiological mechanisms for plant
phenology and untangles its discrepant response to climate drives.
As a better indicator of Köppen climate type than temperature and precipitation in
integrating meteorological information in terrestrial carbon cycle modeling, it significantly
improved the model performance in data-driven approach in estimate of GPP. Specifically, it
conveys the seasonal phonological state of the vegetation, and improves the prediction of EBF
GPP especially in August. In addition, Köppen climate type is helpful for global carbon
modeling lies in refining spring-time onset photosynthesis condition. The threshold temperature
for spring-time onset photosynthesis updated by other studies at 0 ºC works well for biomes in
temperate climate (Köppen C group), but not for continental climate (Köppen D group). These
factors are suggested to be incorporated into future modeling of carbon-climate feedback
researches.
Large discrepancy exists in modeling GPP between middle to low latitudes over sparsely
vegetated areas (i.g. 10 ºS to 40 ºS and 10 ºN to 40 ºN) occupied by major vegetation types of
SAV, WAS and OSH, more EC towers are needed to improve the modeling accuracy.
The dominant climate drivers for global GPP are temperature at middle to high latitudes
and water availability at low latitudes. The water stresses in low latitudes are expected to be
enhanced by increased temperature and lack of precipitation as climate warming continues.
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These analyses echo the necessity of modeling the terrestrial carbon cycle and its feedback
mechanisms by mid-low latitudes and mid-high latitudes separately.
With respect to climate extremes on forest carbon assimilation and how that might impact
the accuracy of modeling the carbon cycle, this study initialized to evaluate those impacts
quantitatively by introducing three indices: duration, intensity and severity. The results
suggested that carbon assimilation capacities of broadleaf forests (EBF and DBF) could be
significantly impacted by drought, indicated by low values of EF. Carbon assimilation capacities
of broadleaf forests are significantly reduced by extremes of climate variables, especially for
EBF biomes. On the global scale, EBF contributes more than 50% of the carbon reduction of
forests. Climate extreme events, specifically drought, are expected to increase in intensity and
severity in the future. The present analysis can help to identify and quantify the climate extreme
impacts on terrestrial carbon cycles and improve our understanding of carbon-climate feedback
mechanisms.
This study showed that since 1948 warming climate has moved the 16oC T latitudinal belt
poleward. WPL is subject to dryness control rather than temperature as the regulator of carbon
uptake has increased by 6% and is projected to increase by at least another 8% by 2050. Chapter
2 and Chapter 4 together points to the conclusion that arid or semiarid with ecosystems are
highly vulnerable to drought and land degradation. This warming-induced extension of drynesscontrolled areas may be triggering a positive feedback accelerating global warming. A continued
increase in land area with WPL has implications not only for positive feedback on climate
change, but also for ecosystem integrity and land cover, particularly for pastoral populations in
marginal lands.
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5.2 Recommendations for Future research
The uncertainty estimates for GPP using LUE is still considered as a critical component
of the total error budget in estimate of remotely sensed based estimations of GPP. Although the
findings in this study have implications for the use of LUE model by the remote sensing and
carbon flux modeling communities, more attentions should be given to alignment with ground
sampling methods.
The contributions of regional ecosystems to terrestrial carbon dioxide sinks have been
controversial among many models. One of the greatest disagreements, as also indicated in this
study, is the carbon sequestration contributed by middle to low latitudes over sparsely vegetated
areas or semi-arid ecosystems. To improve global GPP modeling capacity, more observational
sites in semi-arid area in middle to low latitudes are needed.
Study (Ahlström, A. et al. 2015) showed GPP extremes covary with EL Nino-South
Oscillation (ENSO) across all latitudes. More specific, positive ENSO tends coincide with
negative GPP anomalies in tropics (30oS to 20oN) and with positive GPP anomalies north of
20oN. Together with our conclusion divergent responses of GPP to temperature and
precipitation at mid-high latitudes and at mid-low latitudes echo the necessity of modeling and
studying carbon-climate extremes and carbon climate feedback mechanisms separately by
latitudes.
More specifically, this study raises the following two questions: (1) what atmospheric
circulation mechanisms support the hypothesis of a year time lag between the WPL temperature
response and the ENSO water phases; and (2) is the synergistic poleward expansion of the
frontal boundary of the WPL with the HC a long-term or a short-term behavior and what are the
consequences of this synergy for global NEE and for the rate of change in atmospheric CO2?
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